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Abstract 
Smallholder farmers in Ethiopia have been facing severe climate related hazards, in particular highly 
variable rainfall and severe droughts that negatively affect their livelihoods. Anticipated climate 
change is expected to aggravate some of the existing challenges and impose new risks beyond the 
range of current experiences. This study aimed at understanding current climate variability and future 
climate change and associated impacts, and providing insights on current climate risk management 
strategies and future adaptation options for adapting agriculture, in particular maize production. The 
study was conducted in the Central Rift Valley, which represents major cereal-based farming systems 
of the semi-arid environments of Ethiopia. A second case study area, Kobo Valley was also used for 
additional analysis in part of the study. Empirical statistical analyses, field survey methods, and a 
systems analytical approach, using field experimental data in combination with crop-climate 
simulation modelling were used to achieve the objectives of the study. Crop growth simulation 
modelling was carried out using two well-accepted crop models, which is an innovative feature of the 
methodology used in this thesis. 
The analysis revealed that rainfall exhibited high inter-annual variability (coefficient of variation 15-
40%) during the period 1977-2007 in the CRV. The mean annual temperature significantly increased 
with 0.12 to 0.54 
o
C per decade during 1977-2007. Projections for future climate suggested that 
annual rainfall will change by -40 to +10% and the annual temperature is expected to increase in the 
range of 1.4 to 4.1 
o
C by 2080s. Simulated water-limited yields are characterized by high inter-annual 
variability (coefficient of variation 36%) and about 60% of this variability is explained by the 
variation in growing season rainfall. Actual yields of maize in the CRV are only 28-30% of the 
simulated water-limited yield. Analysis of climate change scenarios showed that maize yield will 
decrease on average by 20% in the 2050s relative to a baseline climate due to an increase in 
temperature and a decrease in growing season rainfall. The negative impact of climate change is very 
likely, however, the extent of the negative impact has some uncertainties ranging from -2 to -29% 
depending on crop model and climate change scenario. From the selection of models used, it was 
concluded that General Circulation Models to assess future climate are the most important source of 
uncertainty in this study. 
In response to perceived impacts, farm households are implementing various coping and adaptation 
strategies. The most important current adaptive strategies include crop selection, adjusting planting 
time, in situ moisture conservation and income diversification. Lack of affordable technologies, high 
costs for agricultural inputs, lack of reliable information on weather forecasts, and insecure land 
tenure systems were identified as limiting factors of farmers‘ adaptive capacity. The crop model-
based evaluation of future adaptation options indicates that increasing nitrogen fertilization, use of 
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irrigation and changes in planting dates can compensate for some of the negative impacts of climate 
change on maize production. Developing more heat tolerant and high yielding new cultivars is critical 
to sustain crop production under future climate change. It was clear from the study that enabling 
strategies targeted at agricultural inputs, credit supply, market access and strengthening of local 
knowledge and information services need to become an integral part of government policies to assist 
farmers in adapting to the impacts of current climate variability and future climate change.  
 
Key words: Climate change, Adaptation, Crop modelling, Uncertainty, Maize (Zea mays), Central 
Rift Valley. 
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1.1. Background 
Climate variability and change are among the major environmental challenges of the 21
st
 
century. Successive reports of the Intergovernmental Panel on Climate Change (e.g. IPCC, 
2007) and various other studies (e.g. Leemans and Eickhout, 2004; Morton, 2007; Cooper et 
al., 2009; Schlenker and Lobell, 2010; Thornton et al., 2011) show that climate change is 
having multifaceted effects on human societies and the environment. Scientific evidence 
indicates that anthropogenic factors are the major contributors to the prevailing global climate 
change (Forster et al., 2007). The atmospheric concentration of greenhouse gases (GHGs) 
such as carbon dioxide, methane and nitrous oxide has substantially increased over time. For 
example, the carbon dioxide concentration has increased from 280 ppm (pre-industrial level) 
to about 394 ppm in 2012; a 41% increase (www.epa.gov/climatechange/indicators) due to 
human activities. The global average temperature has increased by 0.74 
o
C in the last century 
and is projected to increase with 1.1-5.8 
o
C by the end of this century and the rainfall patterns 
will change with an increased frequency of extreme events (Meehl et al., 2007; IPCC, 2012). 
Climate variability and change impacts directly or indirectly on all economic sectors to some 
degree, but agriculture is among the sectors most sensitive and inherently vulnerable to 
climate variability (Boko et al., 2007; Müller et al., 2011; Wheeler and Braun, 2013), and 
climate change is most likely to increase this vulnerability (Haile, 2005; Challinor et al., 
2007b; Cooper et al., 2008; Thornton et al., 2010). The impacts of increased temperature 
from global warming and changes in rainfall patterns resulting from climate change are 
expected to reduce agricultural production and put further pressure on marginal land (Lobell 
and Field, 2007; Van de Steeg et al., 2009). Many studies (e.g. Challinor et al., 2007b; 
Hellmuth, 2007; IPCC, 2007; Jones and Thornton, 2009; Müller et al., 2011) conclude that 
the strongest impact of climate change on the economic output of agriculture is expected for 
Sub-Saharan Africa, which implies that the challenge to deal with the negative impacts of 
climate change will be largest in the poorest and already most food insecure regions. 
Smallholder farmers in Sub-Saharan Africa are already challenged by the current climate 
variability (Cooper et al., 2008) and with a business-as-usual development, climate change is 
expected to pose challenges beyond the current experiences (Cairns et al., 2013).  
Despite growing efforts to reduce GHG emissions, more frequent climatic extremes  are now 
inevitable (IPCC, 2012) and put agricultural adaptation and risk management strategies in the 
spotlight. Because agricultural production remains the main source of income for most rural 
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communities, particularly in developing nations, adaptation of the agricultural sector to the 
adverse effects of change will be imperative to protect the livelihoods of the poor and to 
ensure food security. Adaptation can greatly reduce climate vulnerability of rural 
communiteis by making them better able to adjust to climate variability and change and 
helping them cope with adverse consequences (Adger et al., 2007; Hellmuth, 2007; Bryan et 
al., 2009; IPCC, 2012). Thus, adaptation research needs to be enhanced from local to global 
scales to identify appropriate adaptation strategies and to support the adaptation process 
through policies guided by scientific evidence. 
1.2. Overview of Ethiopian agriculture and climate 
This thesis focuses on Ethiopia, located between 3
o30‘ and 14o50‘ northern latitude and 
32
o42‘ and 48o12‘ eastern longitude in north-eastern Africa. Its total area is about 1.13 
million km
2
 with elevations ranging from 125 m below sea level (Danakil depression) to 
4,620 meters above sea level (mount Ras Dejen). While the total population of Ethiopia was 
about 18 million in 1950, currently it is about 93 million and still grows annually by 3.2% 
(CIA, 2013). According to the 2012 revision of the UN‘s world population prospects, the 
population of Ethiopia is projected to be around 150 million by 2050 (UN, 2013). Agriculture 
is the main source of livelihood for about 85% of Ethiopia‘s population, contributes 50% of 
the GDP and generates more than 80% of the foreign exchange earnings (Deressa and 
Hassan, 2009). It is dominated by small scale crop-livestock mixed farming systems and 
cereals are the most important food crops occupying about 77% of the total cultivated area. 
Production technologies are predominantly characterized by low agricultural inputs 
(fertilizer, improved seeds, pesticides) using traditional farming techniques (Arndt et al., 
2011). 
Ethiopia is characterized by diverse climatic conditions ranging from humid to semi-arid 
environments. Its climate system is largely determined by the seasonal migration of the inter-
tropical convergence zone (ITCZ) and a complex topography (NMA 2001). Mean annual 
rainfall distribution ranges from a maximum of more than 2,000 mm over the south-western 
highlands to a minimum of less than 300 mm over the south-eastern and north-western 
lowlands. The south-west and western areas of the country  are characterized by a uni-modal 
pattern whereas the remaining parts exhibit a bi-modal rainfall pattern (World Bank 2006). 
The mean annual temperature varies widely, from lower than 15°C in the highlands (>1500 
m.a.s.l.) to more than 25°C in the lowlands (< 1500 m.a.s.l.).  
Chapter 1 
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Ethiopian agriculture and in general the economy, and climate are highly intertwined. Figure 
1.1 shows the correlation between rainfall variability and the overall performance of the 
country´s GDP: years of poor rainfall were associated with low, whereas years with high 
rainfall were associated with high country‘s total and agricultural GDP (World Bank, 2006). 
Climate variability, particularly rainfall variability and associated droughts have been causes 
for food insecurity in Ethiopia (Seleshi and Zanke, 2004; Rosell, 2011). Climate change is 
expected to pose more challenges and to further reduce the performance of the economy 
(Arndt et al., 2011). A study on  mapping poverty and vulnerability in Africa identified 
Ethiopia as one of the countries most vulnerable to climate variability and change (Thornton 
et al., 2006).  
 
Fig. 1.1. Effect of rainfall variability on total and agricultural GDP in Ethiopia  
(Adapted from World Bank, 2006) 
Recognizing adaptation as a critical response to the impacts of climate variability and change, 
Ethiopia developed a national adaptation program for action (NAPA) in 2007 (NMA, 2007). 
The NAPA identified priority projects broadly focusing on institutional capacity building, 
improving natural resources management, enhancing irrigation agriculture and water 
harvesting, and strengthening weather early warning systems. Recently, Ethiopia published 
its vision for a climate-resilient economy (see EPA, 2011). Despite these policy efforts, 
studies on climate change impacts and adaptation options are scarce, which may limit policy 
formulation and decision making in terms of planning adaptation strategies. Some studies 
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assessed impacts of climate change on Ethiopian economy (e.g. Dercon, 2004; Block et al., 
2008; Deressa and Hassan, 2009; Mideksa, 2010; Arndt et al., 2011; Robinson et al., 2012) 
and few studies also empirically examine household vulnerability to climate change 
(e.g.Yesuf and Bluffstone, 2007; Deressa et al., 2008) and determinants of farmers choice for 
adaptation practices (e.g. Deressa et al., 2009). However, little evidence is available on bio-
physical impacts (e.g. changes in crop yields) and adaptation options under various climate 
change scenarios, which is vital to inform and support farmers‘ decisions under a changing 
climate. A quantitative understanding of current climate variability, its impacts and how 
farmers respond to this, is an essential step for adapting agricultural systems to future climate 
change. Moreover, anticipating impacts of future climate change and evaluating potential 
adaptation options for various climate change scenarios is highly relevant for Ethiopia‘s 
agricultural production and improving food security. 
1.3. Methodological perspectives on adapting agriculture to climate variability and  
       change 
 A number of different approaches such as agro-climatic indices, empirical field survey 
methods, econometric models, statistical models and process based-crop simulation models 
have been used to assess the impacts of climate variability and change on agriculture 
(Feenstra et al., 1998; White et al., 2011). Agro-climatic indices are mostly used to 
characterize current climate variability and extreme events as indicators for climate induced 
risks. Studies focusing on understanding community perceptions on climate variability and 
change, and on assessing coping and adaptation strategies at farm households‘ level usually 
employ field survey methods. Econometric models are based on the concept that the long-
term productivity of land is reflected in its asset values and hence, the impacts of climate on 
land value can be estimated econometrically using cross-sectional data (Gbetibouo and 
Hassan, 2005). Such models are, thus, often used to assess impacts of climate change on 
socio-economic components. 
Prior to the development of dynamic simulation models, application of simple correlation and 
regression analysis (statistical models) contributed to the qualitative understanding of the 
interactions among environmental variables and crop production processes (Oteng-Darko et 
al., 2012). With the advancement in computer technology and increased knowledge on 
processes underlying crop production, it became possible to integrate this process-based 
knowledge in quantitative crop growth models. Crop models are bio-physical representations 
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of crop growth processes and interactions of the soil-crop-climate components that determine 
crop growth and development (Van Ittersum et al., 2003; White et al., 2011).They are 
important tools for understanding the impacts of climate variability and change on crop 
production systems and to evaluate improved crop management options (White et al., 2011; 
Matthews et al., 2012). Crop modelling has been extensively used in various impact and 
adaptation studies (see e.g. Alexandrov and Hoogenboom, 2000; Cuculeanu et al., 2002; 
Žalud and Dubrovský, 2002; Challinor et al., 2007a; Meza and Silva, 2009; Laux et al., 2010; 
Rötter et al., 2011b; Cammarano et al., 2012; Berg et al., 2013; Lobell et al., 2013; Ruane et 
al., 2013).  
Climate change impact assessments using crop modelling involve simulation and analysis of 
cropping systems (e.g. measuring crop yield changes) in relation to plausible climate change 
scenarios. Three basic approaches are used for creating climate change scenarios in climate 
change impact studies: (1) General Circulation Models (GCMs); (2) analogue (historical), 
and (3) synthetic or incremental changes in climate variables. Among these, GCMs are the 
most advanced tools to create climate change scenarios, which are widely used in climate 
change impact studies (e.g. Jones and Thornton, 2003; Ceglar and Kajfež-Bogataj, 2012; 
Rötter et al., 2012a; Cairns et al., 2013). The major advantage of using GCMs as the basis for 
creating climate change scenarios is that they estimate changes in climate due to increased 
GHG in a physically consistent manner (Benioff et al., 1996; White et al., 2011). The 
sensitivity of climate to GHG concentrations and societal development is represented with 
emission scenarios driven by assumptions on economic, demographic and technological 
developments (Nakicenovic et al., 2000), which are in turn used as inputs for GCMs to create 
climate change scenarios. Recently, the Coupled Model Inter-comparison Project Phase 5 
(CMIP5) generated new representative concentration pathways (RCPs), which represent 
scenarios of trajectories for greenhouse gas emissions (Moss et al., 2010; Knutti and 
Sedláček, 2012). These new generation of RCPs are used in the IPCC Fifth Assessment 
Report and expected to be the basis for climate change impact studies over the coming few 
decades (Ramirez-Villegas et al., 2013). 
Impact assessments are subject to uncertainties related to the GCMs, emission scenarios, 
downscaling techniques and crop models (Challinor et al., 2005; Monod et al., 2006; Ceglar 
and Kajfež-Bogataj, 2012; Rötter et al., 2012a). Quantifying uncertainty is an important effort 
in climate impact studies (Challinor et al., 2005; Yao et al., 2011), however, there is no 
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consensus in the literature on how best to quantify these uncertainties (Challinor et al., 2005). 
The recommended approach by IPCC (Meehl, 2007) is to use ranges of multiple model 
simulations. While using multiple climate models, following the IPCC recommendation, is a 
common approach in climate risk studies for estimating uncertainties (Tebaldi and Knutti, 
2007), most agricultural impact studies (e.g. Jones and Thornton, 2003; Luo et al., 2009;  
Cairns et al., 2013) applied a single crop model. Crop growth is, however, a very complex 
process involving a series of interactions of crop, weather and soil, and uncertainty as to how 
these interactions are captured adequately in deterministic crop models is unavoidable 
(Challinor et al., 2005; Kersebaum et al., 2007; Eitzinger et al., 2008; Palosuo et al., 2011; 
Rötter et al., 2011a;). Uncertainties exist in the crop response to climate, in the crop model 
structure and procedures as well as input parameters of the models (Yao et al., 2011). Outputs 
from a single crop model simulation do by definition not capture uncertainties in terms of 
ranges of possible outcomes (Rosenzweig et al., 2013b). One way to improve information 
from crop modelling is using the ranges of multiple crop-model simulation output (Challinor 
et al., 2009a; Tao et al., 2009; Rötter et al., 2011a). A multiple model crop simulation 
approach enables to better quantify uncertainties (Challinor and Wheeler, 2008b), and multi-
model means/medians showed to be likely better predictors than any best model across a 
wide range of environments (Rötter et al., 2012b; Asseng et al., 2013). A pre-requisite for this 
is that the models used are suitable in their design for the objective of the study, and are 
tested for the study area. The need of such a multi-model simulation approach has been 
suggested in response to crop model inter-comparisons performed in the framework of the 
European COST action ―Impacts of climate variability and change on European agriculture‖ 
(COST 734) (Palosuo et al., 2011; Eitzinger et al., 2012; Rötter et al., 2012b). This need has 
been recognized and is further being examined for climate change studies in the Agricultural 
Model Inter-comparison and Improvement Project (AgMIP, www.agmip.org) and in 
Modelling Europian Agriculture with Climate Change for Food Security (MACSUR, 
www.mascur.eu) knowledge hub. Both initiatives aim to improve the description of crop-
climate interactions in models and to promote the application of multiple crop models in 
climate impact assessments with special emphasis on assessing uncertainty in crop simulation 
models (Asseng et al., 2013; Rosenzweig et al., 2013b; Rötter et al., 2013b). Thus, using not 
only multiple climate models but also multiple crop models in impact and adaptation studies 
seems a logical approach needed to improve the reliability of impact projections and provide 
better scientific basis for decision making in adaptation planning. 
Chapter 1 
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1.4. Definition of key concepts used in this thesis 
The following sub-section briefly explains key concepts used in this thesis. More detailed 
explanations can be found in IPCC (2001) and Nakicenovic et al. (2000).  
Climate variability: variation in the mean state and other statistics (such as standard 
deviations, occurrence of extremes, etc.) of climate on temporal and spatial scales beyond 
that of individual weather events. Variability may be due to natural processes within the 
climate system (internal variability), or due to anthropogenic forcing (external variability). 
Climate change: A change in the state of the climate that can be identified by changes in the 
mean and/or the variability of its properties and that persists for an extended period, typically 
decades or longer. Climate change may be due to natural internal processes or external 
forcing or to persistent anthropogenic changes in the composition of the atmosphere or in 
land use systems. 
Climate scenarios: Plausible and often simplified representations of the future climate based 
on an internally consistent set of climatological relationships, that have been constructed for 
explicit use in investigating the potential consequences of anthropogenic climate change. The 
difference between a climate scenario and the current climate provides a climate change 
scenario. 
Emission scenarios/Representative concentration pathways: Plausible representation of the 
future development of emissions of greenhouse gas concentrations based on coherent and 
internally consistent set of assumptions about driving forces (such as demographic and socio-
economic development, technological change) and their likely relationships.   
Crop growth simulation: Simplified representation of the complex relation between crop 
growth and environmental factors (climate, soil and management). Crop growth modelling 
involves model calibration and model evaluation. Model calibration refers to adjustment of 
parameters of a model so that simulated results reach a predetermined level, usually that of an 
observation whereas model evaluation involves comparison of outputs of a calibrated model 
with an independent data set and determination of suitability for an intended purpose. 
Uncertainty: An expression of the degree to which a value (e.g., the future state of the climate 
system or its impact) is unknown.  
Vulnerability: The degree to which a system is susceptible to, or unable to cope with, adverse 
effects of climate change, including climate variability and extremes.  
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Adaptation: adjustment in natural or human systems in response to actual or expected 
climatic stimuli or their effects, which moderates harmful impacts and exploit beneficial 
opportunities. 
1.5. The study areas  
The study was conducted in the Rift Valley of Ethiopia, which is part of the great East 
African Rift Valley system and divides Ethiopia into north-western and south-eastern 
highlands (Fig. 1.1). The study reported in this thesis (Chapters 2 to 5) was conducted in the 
central part of the rift valley (CRV), however, a second case study area, Kobo valley was also 
considered for additional analysis on farmers‘ perceptions and current adaptation practices 
(Chapter 4). These two case study areas were selected because they represent major cereal-
based farming systems of the semi-arid environments of Ethiopia and are hotspots for climate 
induced risks. 
CRV is located between 38
o 15‘ and 39o 25‘E and 7o 10‘ and 8o 30‘S at about 120 kilometers 
south of Addis Ababa. The CRV is characterized by an alternating topography with a central 
valley floor at 1500-1700 meters above sea level (m.a.s.l) and bounded by a western and 
eastern escarpment with highest altitudes of over 4000 m.a.s.l. (Jansen et al., 2007). Based on 
annual rainfall distribution, CRV is characterized by a bi-modal rainfall pattern, which is a 
typical characteristic for the central, eastern and north-eastern parts of Ethiopia. Its valley 
floor receives 175-358 mm rainfall during a short rainy season (March-May) and 420-680 
mm during the main rainy season (June to September). The CRV was previously a pastoral 
area covered by dense woodlands and there was no permanent cultivated land before the 
1950s (Garedew et al., 2009; Biazin and Sterk, 2013). In recent decades, much of the land has 
been converted into mixed farming system. Over the last few decades, the cultivated land 
area increased threefold while the dense woodland coverage declined from 42% in 1965 to 
9% in 2010 (Biazin and Sterk, 2013). Generally, it is characterized as one of the regions in 
Ethiopia with high competition for scarce land and water resources with increasing 
environmental risks (Ayenew, 2004; Jansen et al., 2007). Kobo valley is located between 39° 
22' and 39° 48' E and 11° 5' and 12° 11' N at about 600 km north of the capital Addis Ababa, 
at the northern most range of the Ethiopian Rift Valley. The valley is surrounded both on the 
east and west by high mountains, some over 4000 m high, whereas the valley itself is 1300 
m.a.s.l. Kobo is generally characterized by high rainfall variability and high temperatures and 
is vulnerable to frequent drought episodes that often lead to crop failure and associated acute 
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famines. This area was one of the most severely affected parts of Ethiopia during the famine 
of 1983–84 and it still faces minor famines almost every three years (Bewket, 2008). It has a 
long history of agriculture, which is dominated by cereal-based farming systems. 
Maize (Zea mays L.) is the second most important cereal, next to teff (Eragrostis tef) in area 
of production in Ethiopia. It is produced on an average area of about 2.0 million hectares of 
land (17% of the total grain crop area). In terms of volume of production, it is the leading 
crop constituting 26% of the total grain production (CSA, 2013). Maize has a significant role 
in the livelihoods of smallholders in the study areas (Biazin and Stroosnijder, 2012). 
 
Fig.1.2. Location of study areas, Central Rift Valley and Kobo Valley in the Rift Valley of Ethiopia 
1.6. Objectives of the study 
The general objectives of the study were to quantify climate induced risks for rainfed crop 
production with emphasis on maize-based farming and to examine existing and explore future  
adaptation options that reduce vulnerability of agriculture to climate variability and change. 
The study investigated current climatic trends and how crop production is affected by current 
climate variability and how crop production might be affected by anticipated climate change. 
It also analyzed current adaptive practices and alternative options to adapt to projected 
changes. The specific research objectives were: 
Central Rift Valley 
Kobo 
Valley 
Addis Ababa 
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 To characterize trends, variability and changes in agro-climatic conditions of the 
Central Rift Valley;   
 To quantify climate induced yield variability and yield gaps for rainfed maize 
production in the Central Rift Valley; 
 To analyze farmers‘ perceptions on climate variability and change and to identify 
current climate risk management strategies and barriers for successful adaptation in 
the Central Rift Valley and Kobo Valley; 
 To explore impacts and adaptation options under different climate change scenarios 
for maize production systems in the Central Rift Valley. 
 
The above objectives were addressed with crop growth simulation modelling and GCMs-
based climate change scenario approach in combination with empirical field survey methods 
and agro-climatic index analysis. Temporal variability and extreme values of selected rainfall 
and temperature indices were analyzed. Projected changes in rainfall and temperature were 
assessed  based on four General Circulation Models (GCMs) and two emission scenarios. The 
analysis for imapcts of climate change on maize productivity and adaptation options was 
carried out using recent datasets of three GCMs in combination with two representative 
concentration pathways (RCPs) and two crop models. The use of multiple climate change 
scenarios and two crop models allowed indicating possible ranges of outcomes as estimates 
for some of the uncertainties, to better inform adaptation planning and policy making. In 
general, this study aims to contribute to increased understanding of the impacts of climate 
variability and changes thereby supporting adaptation planning and interventions aimed at 
increasing food security and improving rural livelihoods. 
 
1.7. Outline of the thesis 
The objectives defined in section 1.6 are addressed in four complementary research chapters 
(Chapter 2 to 5), which are followed by general discussion and conclusions (Chapter 6). 
Chapter 2 aims at understanding and characterizing agro-climatic variability as well as 
changes and associated risks with respect to implications for rainfed crop production in the 
Central Rift Valley (CRV). Temporal variability and extreme values of selected rainfall and 
temperature indices were analysed and trends were evaluated. Projected future changes in 
rainfall and temperature for the 2080s relative to the 1971-1990 baseline period were 
determined based on four General Circulation Models (CSIRO2, CGCM2, HadCM3 and 
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PCM) and two emission scenarios (SRES, A2 and B1). The analyses provide an overview of 
current and future climate trends and indications of climate induced risks on rainfed crop 
production. 
Chapter 3 presents yield variability and yield gaps in the CRV of Ethiopia. A multi-model 
crop growth simulation approach using two crop models, i.e. Decision Support System for 
Agro-Technology (DSSAT) and WOrld FOod STudies (WOFOST) was applied to 
characterize climate-induced variability and yield gaps of maize. The models were calibrated 
and evaluated with experimental data and subsequently, a simulation experiment was carried 
out with an early maturing and late maturing cultivars using historical weather data of three 
locations in the CRV. The analysis provided quantified information on climate induced yield 
variability and existing yield gaps. It also discusses some of the uncertainties related to the 
different approaches of crop models used in simulating crop-climate interactions and the need 
of multiple modelling approaches in such studies. Chapter 4 presents farmers‘ perceptions on 
current climate variability and long term changes and their adaptation practices. The study 
was based on a household questionnaire, interviews with key stakeholders and focus group 
discussions in two selected case study areas, i.e., Central Rift and Kobo valleys, both 
representing semi-arid vulnerable regions with some contrasting agricultural potential. First, 
farmers‘ perceptions on climate variability and change are investigated and then their 
perceptions are compared with observed climate trends and potential sources of divergence 
are highlighted. Then, current climate risk management practices are explored and scopes and 
limitations are explained. In addition, farmers needs for future adaptation, and barriers for 
successful adaptation are identified and discussed. Chapter 5 addresses projected climate 
change impacts and potential adaptation options for maize production in the CRV. Impacts 
and adaptation are assessed using two crop models (DSSAT,v4.5 and WOFOST,v7.1) and 
three GCMs (CanESM2, CSIRO-MK3 and HadGEM2) in combination with two recently 
released Representative Concentration Pathways (RCP4.5, RCP8.5) for the period 2050s. It 
provides indications on magnitude and direction of climate change impact on maize 
production and assessed adaptation options to reduce projected negative impacts of climate 
change. It also discusses some of the uncertainties involved in projection of impacts and 
adaptation options by using multiple climate and crop model simulation outputs. 
Chapter 6 synthesizes and discusses key findings and implications from all the chapters. It 
provides methodological outlooks and discusses the integration of main topics of the thesis 
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such as climate variability and change, impacts, adaptation strategies and uncertainties. 
Finally, scientific insights and implications for climate risk management and pertinent issues 
for further research are described. 
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Abstract 
Ethiopia is one of the countries most vulnerable to the impacts of climate variability and change on 
agriculture. This study aims at understanding and characterizing agro-climatic variability and changes 
and associated risks with respect to implications for rainfed crop production in the Central Rift Valley 
(CRV). Temporal variability and extreme values of selected rainfall and temperature indices were 
analyzed and trends were evaluated using Sen‘s slope estimator and Mann-Kendall trend test 
methods. Projected future changes in rainfall and temperature for the 2080s relative to the 1971-1990 
baseline period were determined based on four General Circulation Models (GCMs) and two emission 
scenarios (SRES, A2 and B1).  
The analysis for current climate showed that in the short rainy season (March to May), total mean 
rainfall varies spatially from 178 to 358 mm with a coefficient of variation of 32-50%. In the main 
(long) rainy season (June - September) total mean rainfall ranges between 420 and 680 mm with a 
coefficient of variation of 15-40%. During the period 1977-2007, total rainfall decreased, but 
statistically not significant. Also, there was a decrease in the number of rainy days associated with an 
increase in the intensity per rainfall event for the main rainy season, which can have implications for 
soil and nutrient losses through erosion and run-off. The reduced number of rainy days increased the 
length of intermediate dry spells by 0.8 days per decade leading to crop moisture stress during the 
growing season. There is also a large inter-annual variability of the length of growing season, ranging 
from 76 to 239 days. The mean annual temperature has exhibited a significant warming trend of 0.12-
0.54
oC per decade. Projections from GCM‘s suggest that future annual rainfall will change by -40 to 
+10% to by 2080. Rainfall will increase during November-December – outside the growing season, 
but will decline during the crop seasons. Also the length of the growing season is expected to be 
reduced by 12-35%. The annual mean temperature is expected to increase in the range of 1.4-4.1
o
C by 
2080. The past and future climate trends, especially in terms of rainfall and its variability pose major 
risks to rainfed agriculture. Specific adaptation strategies are needed for the Central Rift Valley to 
cope with the risks, sustain farming and improve food security. 
 
Key words: Length of growing season, dry spells, agro-climatic characterization, climate change 
impact, Central Rift Valley, Ethiopia, rainfall, temperature 
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2.1. Introduction 
In its fourth assessment report, the intergovernmental panel on climate change (IPCC, 2007) 
concluded that climate change is already happening with multi-facetted effects on human 
societies and the environment. There is also an emerging consensus that Eastern Africa, and 
particularly Ethiopia, is one of the most vulnerable regions regarding the impacts of climate 
variability and change (Slingo et al., 2005; Boko et al., 2007; Challinor et al., 2007b; 
Thornton et al., 2011). Several studies on precipitation and temperature change indicated that 
the African continent is now warmer than it was 100 years ago and the rainfall exhibited 
higher inter-annual and intra-seasonal variability (Boko et al., 2007; Challinor et al., 2007b; 
Cooper et al., 2009; Cooper and Coe, 2011; Rosell, 2011). Climate variability over the last 
three decades of the 20
th
 century resulted in droughts and famine in several countries of 
Africa (Conway and Schipper, 2011; Dixit et al., 2011). 
Ethiopia is among the most vulnerable countries in Africa due to its great reliance on climate 
sensitive sectors, particularly agriculture (Thornton et al., 2006; World Bank, 2006; 
Hellmuth, 2007; NMA, 2007; Conway and Schipper, 2011; Rosell, 2011). Historically, 
strong links have been observed between climate variability and the overall performance of 
Ethiopia´s economy, reflected by high correlation between rainfall and GDP fluctuations 
(World Bank, 2006). Climate variability, particularly rainfall variability and associated 
droughts have been major causes of food insecurity and famine in Ethiopia (Conway, 2000; 
Hulme et al., 2001; Seleshi and Zanke, 2004; Thornton et al., 2006; NMA, 2007; Conway 
and Schipper, 2011; Demeke et al., 2011; Rosell, 2011; World Bank, 2006). For instance, 
Seleshi and Zanke (2004) reported that the 1984 famine, the worst disaster Ethiopia has 
experienced in the 20
th
 century, was the result of failure of the main rainfall season which 
resulted in reduction of the GDP by 9.7% and agricultural outputs by 21% (World Bank, 
2006). The 1984 famine was an extreme event, but crop failure or reduced yields due to water 
shortage during the growing season is a common risk, particularly for the rainfed cropping 
systems in semi-arid Ethiopia. Various studies indicate that future climate change will lead to 
an increase in climate variability and in the frequency and intensity of extreme events (Boko 
et al., 2007; Stern, 2007). The changing rainfall pattern in combination with warming trends 
could make rainfed agriculture more risky and aggravate food insecurity in Ethiopia. Van de 
Steeg et al. (2008), for instance, indicate that the growing season in some parts of Ethiopia 
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could be 20% shorter by 2050s relative to the current baseline period (1960-1990) which 
would have negative repercussions on food production. 
Understanding the variability and expected future changes of climatic conditions, particularly 
characteristics of rainfall, temperature and evapotranspiration (which is co-determined by 
temperature) is therefore crucial for planning and designing appropriate adaptation strategies. 
This study aims at understanding and characterizing variability and changes of agro-climatic 
conditions and associated risks for rainfed crop production in Ethiopia. We use the Central 
Rift Valley as a case study area. It is one of the environmentally vulnerable regions in 
Ethiopia, where rainfed crop production has expanded rapidly over recent decades (Jansen et 
al., 2007). 
2.2. Materials and Methods 
2.2.1. Description of the study area 
The Central Rift Valley (CRV) of Ethiopia (Fig. 2.1) is part of the great East African Rift 
Valley system. The center of CRV (about 10,000 km
2
) is located 120 kilometers south of 
Addis Ababa and it is characterized by an alternating topography with a central valley floor at 
1500-1700 meters above sea level (m.a.s.l) and bounded by a western and eastern escarpment 
with highest altitudes of over 4000 m.a.s.l. (Jansen et al., 2007). Based on annual rainfall 
distribution, CRV is characterized by a bi-modal rainfall pattern, which is a typical 
characteristic for the central, eastern and north-eastern parts of Ethiopia. Its valley floor 
receives 175-358 mm rainfall during a short rainy season (March to April), locally known as 
Belg and 420-680 mm during the main rainy season (June to September), locally known as 
Kiremt. The Belg rainfall is caused by humid easterly and south-easterly winds from the 
Indian Ocean, and Kiremt rainfall is a result of convergence in low-pressure systems 
associated with the Inter Tropical Convergence Zone (Conway, 2000; Seleshi and Zanke, 
2004; NMA, 2007). Crop production, mainly rainfed cereal-based production systems and 
modest livestock rearing are the mainstays of livelihoods for households in the Central Rift 
Valley. The major crops are cereals, mainly teff (Eragrostis tef), maize (Zea mays), and 
wheat (Triticum aestivum).   
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Fig. 2.1. Location map of the study area (Central Rift Valley) in Ethiopia with spatial distribution of 
its annual rainfall. The annual rainfall map is obtained from WorldClim Global climate data set 
(Hijmans et al., 2005). 
 
2.2.2. Data sources and data quality assessment 
Daily meteorological data for 24 stations was obtained from the National Meteorological 
Agency (NMA) of Ethiopia. We selected 16 stations (Table 2.1) which have relatively long 
periods of data records (at least 30 years) and have no more than 10% missing values (Seleshi 
and Zanke, 2004; Rosell, 2011). The daily time series from each station and for each year 
were plotted to identify obvious outliers, which were removed from the data series. Outliers 
were detected using the Turkey fence approach (Tukey, 1977). The rules of this approach are 
that inner fences are located at a distance 1.5 times  interquartile range below the lower and 
above the upper quartiles  and outer fences are located a distance 3 times the interquartile 
range below the lower  and above the upper quartiles. Values outside the turkey fences are 
considered as outliers. Negative daily rainfall records were also removed and maximum and 
minimum temperature values were set to missing values if the daily maximum value was less 
than the daily minimum value. With this procedure, two daily rainfall records at Langano and 
three daily rainfall records at Hombol have been removed and only one maximum 
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temperature record at Butajira was set to a missing value. The data series was also examined 
for homogeneity and no heterogeneity was detected. Missing data in time series were filled 
with data from neighboring stations using statistical regression techniques as described in 
detail in Allen et al. (1998) and applied in various studies (Seleshi and Zanke, 2004; Vergni 
and Todisco, 2011). 
2.2.3. Data analysis 
The temporal variability and occurrence of various rainfall and temperature indices were 
evaluated at selected weather stations based on the analysis of a set of indicators defining 
variation and extreme conditions, following Stern et al. (1982); Trnka et al. (2011) and 
Vergni and Todisco (2011). The rainfall indices include values of accumulated rainfall 
(monthly, annual and seasonal), number of rainy days, mean daily rainfall intensity, 
precipitation concentration index (PCI) (section 2.2.4), normalized rainfall anomaly (section 
2.4), start of the growing season (SOS), end of the growing season (EOS), length of growing 
season (LGS), dry spells, and crop water requirement satisfaction index (WRSI). The 
temperature indices were the annual minimum and maximum temperature, mean annual 
temperature, minima and maxima of daily minimum and maximum temperature, number of 
days with daily maximum temperature exceeding 25
o
C (summer days). Trends were assessed 
using Mann-Kendall trend test (Mann, 1945; Kendall, 1975) and Sen´s slope estimator (Sen, 
1968). The Mann-Kendall test is a non-parametric approach, widely applied in various trend 
detection studies (Alexander and Arblaster, 2009; Kizza et al., 2009; Karaburun et al., 2011). 
Statistical analyses and other computations were performed with INSTAT v3.36 statistical 
software (Stern et al., 2006). 
2.2.4. Analysis of rainfall and temperature variability  
Spatial distribution of the mean annual rainfall was obtained from the WorldClim global 
climate data set (Hijmans et al., 2005). The temporal rainfall variability for representative 
meteorological stations was determined by calculating the coefficient of variation (CV) as the 
ratio of the standard deviation to the mean rainfall in a given period (CV%, when expressed 
as a percentage). Heterogeneity of monthly rainfall amount was investigated using the 
precipitation concentration index (Bewket, 2008; Vergni and Todisco, 2011). The 
precipitation concentration index used for characterizing the monthly rainfall distribution is 
given by Oliver (1980): 
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Where, Pi
 
is the rainfall amount of the i
th 
month. PCI values of less than 10 indicate uniform 
monthly rainfall distribution in the year, whereas values from 11 to 20 denote seasonality in 
rainfall distribution. PCI values above 20 correspond to substantial monthly variability in 
rainfall amounts. Inter-annual variability was evaluated using standardized anomalies for 
rainfall with respect to the long-term normal conditions for a specific time scale. The 
normalized rainfall anomaly (RA) for a given station was computed as: 
             
     
  
                                                                         ( )     
Where, RAij  is normalized rainfall total for station i during a year (or season) j; Pt is the 
annual rainfall in year t ; Pm is long term mean annual rainfall over the period of observation; 
and σ is the standard deviation of annual rainfall. Positive normalized rainfall anomalies 
indicate greater than long-term mean rainfall, while negative anomalies indicate less than the 
mean rainfall. When averaged over several stations, the normalized rainfall anomaly yields a 
normalized rainfall anomaly index. For temperature trend analysis, daily temperature data 
sets of five representative stations with high quality data records (Table 2.1) were examined 
on annual and seasonal basis.  
2.2.5. Analyzing the growing season characteristics 
Start and end of the growing season  
According to Stern et al. (1982) the start of the rainy season can be defined as the first 
occurrence of at least ‗X‘ mm rainfall totaled over ‗t‘ consecutive days. This potential start 
can be a false start if an event, F, occurs afterwards, where F is defined as a dry-spell of ‗n‘ or 
more days in the next ‗m‘ days. We adopt this approach and define the earliest start of the 
growing season as the first occasion when the rainfall accumulated within a 3 days period is 
20 mm or more. Various authors used similar criteria in assessing the start of the growing 
season (Stern et al., 1982; Barron et al., 2003; Mamo, 2005). Since the study area exhibits a 
bimodal rainfall pattern (short rain during March to May and long rains during June to 
September), March 1 was picked as the earliest possible planting date for the study area 
(Mamo, 2005).  Accordingly, the potential starting date of the growing season was defined as 
the 1
st
 occasion from 1
st
 March that has at least 20 mm within a three day period. The risk of 
crop failure of early planting was assessed by adding a caveat, i.e. the potential starting date 
Chapter 2 
22 
 
of the growing season was not followed by a dry spell of 10 or more days in the first 30 days 
after planting. The end of the growing season is mainly dictated by stored soil water and its 
availability to the crop after the rainfall stops. Stern et al. (1982) defined the end of the 
season as the first date on which soil water is depleted. In this study, the end of the rainfall 
season was defined as any day after the first of September, when the soil water balance 
reaches zero.  
Table 2.1. Rainfall and temperature data for representative stations in and around the Central Rift 
Valley, Ethiopia. 
        Rainfall data Temperature data 
Station Latitude Longitude Elevation 
(m.a.s.l) 
Period Missing 
(%) 
Period Missing 
(%) 
Arata 7°97' 39°05' 1850 1976-2009 8.8 
  Assela 8°24' 39°19' 2350 1966-2007 1.7 
  Awassa 7°05' 38°29' 1750 1973-2009 0.5 1972-2009 0.0 
Bulbula 8°09' 38°22' 1700 1968-2008 0.0 
  Butajira 8°09' 38°49' 2000 1969-2009 9.7 1975-2009 8.6 
Debre 
Zeit 8°01' 38°32' 1860 1951-2009 6.7 1951-2009 0.5 
Hombol 8°37' 38°77' 2000 1976-2008 9.0 
  Kulumssa 8°08' 39°08' 2200 1959-2008 0.0 1961-2008 0.0 
Langano 7°43' 38°48' 1700 1970-2009 7.5 
  Meki 7°36' 38°58' 1680 1967-2008 0.1 
  Melkassa 8°24' 39°19' 1550 1977-2007 3.1 
  Mojo 8°37' 39°07' 1870 1963-2009 2.5 
  Nazreth 8°33' 39°17' 1622 1976-2007 3.9 
  Ogocholo 7°15' 38°40' 2020 1976-2007 8.3 
  Sagure 7°13' 38°58' 2800 1977-2008 1.0 
  Ziway 7°05' 38°29' 1640 1970-2009 0.2 1971-2009 0.4 
 
Dry spell analysis 
Daily rainfall data for each meteorological station were fitted to a simple Markov chain 
model. We assessed the chance of rain given the previous day is dry, i.e. the chance that a dry 
spell continues, and also the chance of rain given the previous day is rainy, i.e. the chance 
that a rain spell continues, which is known as a Markov chain (Stern et al., 2006; Stern and 
Cooper, 2011). The probability of dry spell lengths of 5, 7, 10 and 15 days during the 
growing season were determined from the Markov chain model to get an overview of dry 
spell risks during the crop growing period.  
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Crop water satisfaction index 
Water requirement satisfaction index (WRSI) is an indicator of crop performance based on 
the availability of water to the crop during a growing season. It is crop specific and indicates 
the extent to which the water requirements of a given crop have been satisfied during the 
growing stages.  The water requirement of a crop during the growing season is calculated by 
multiplying the potential evapotranspiration (PET) and a crop-specific coefficient (Kc). PET 
is  calculated from temperature, relative humidity, wind speed and sunshine hours using the 
FAO Penman-Monteith equation (Allen et al., 1998). The water requirement satisfaction 
index (WRSI) was then determined using a water balance approach (Frere and Popov, 1979; 
Stern et al., 1982). The WRSI starts with a value of 100% at the start of the growing season, 
while water deficit and water excess reduce WSRI. Initial soil water could contribute to the 
WSRI at the beginning of the season, but such information is often not available. The WSRI 
decreases in two ways (Stern et al., 2006). First, if there is water surplus of more than 100 
mm, then the index is reduced by 3 units (a surplus poses negative influence on the crop 
performance by 3% for each 100 mm of excess water). Second, if there is a deficit, the index 
is reduced by the percentage of this deficit in relation to the total water requirements for the 
season. Values of WRSI between 50-100% imply conditions ranging from severe stress (on 
the lower end) to conditions with adequate moisture to avoid crop stress. Whereas values of 
WRSI below 50% indicate crop failure due to severe moisture stress (Martin et al., 2000).  
2.2.6. Future climate scenario analysis 
Projected changes in rainfall and temperature were analyzed based on eight combinations of 
four general circulation models (GCMs) and two IPCC SRES emission scenarios, A2 and B1. 
The A2 represents one of the high emission scenarios, while B1 belongs to the low emission 
variants (Nakicenovic et al., 2000). The GCMs used were the Hadley Centre Coupled Model 
Version 3 (HadCM3), Commonwealth Scientific and Industrial Research Organization 
Global Climate Model mark 2 (CSIRO2), the Canadian Global Climate Model Version 2 
(CGCM2) and Parallel Climate Model (PCM). Climate change scenario data of these GCM-
SRES combinations was extracted from the TYN CY 3.0 data set of the Tyndall Centre for 
Climate Change (Mitchell et al., 2004). The Tyndall Centre for climate change offers country 
basis data on changes per month (precipitation in mm, temperature in °C) at the end of the 
21
st
 century (2071-2100) relative to a baseline period (1961-1990). Future  climate time series 
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were constructed using the delta change method (Fowler et al., 2007). The delta change 
method involves perturbing observed climate time series by mean changes (differences or 
ratios of changes) simulated with GCMs. We have used the delta method for each specific 
month for rainfall and temperature, to consider seasonal differences in climate change. For 
temperature, the same delta was applied to minimum and maximum temperatures. Changes in 
rainfall and temperature for the 2080s relative to the current baseline period (1971-1990) 
have then been determined based on outputs from the GCMs and the observed climate data of 
the meteorological stations used for this analysis. 
2.3. Results  
2.3.1. Rainfall variability and trends 
The spatial distribution of rainfall in the Central Rift Valley is shown in Fig. 2.1. A large part 
of the valley floor receives less than 800 mm per year. The North West and south east 
escarpments receive over 1100 mm per year. The annual weighted average rainfall in the 
CRV is 894 mm with a standard deviation of 98 mm. The mean annual rainfall across the 
sixteen stations ranged from 660 mm (Langano) to 1113 mm (Butajira) (Table 2.2). Most of 
the stations showed moderate variation in annual rainfall (CV% 20-30%) except for two 
stations (Langano and Hombol), which have higher variations (CV% >30%). The 
precipitation concentration index (PCI) value is more than 11% for most of the stations and 
highlights the seasonality in rainfall distribution. Normalized rainfall anomaly index 
calculated for a period of 31 years (1977-2007) for all stations (not shown here) also indicate 
that the annual rainfall of CRV, generally exhibit cyclic wet and dry conditions with negative 
anomalies for 35% of the years. 
Ziway station was selected as an example to illustrate the monthly rainfall distribution (Fig. 
2.2). The mean monthly rainfall for this station varies from 2.3 mm for the driest month 
(November) to 155.3 mm for the wettest month (July). About 60% of the total annual rainfall 
at Ziway is received during four months (from June to September) and 37% of this amount is 
concentrated in July and August. The normalized rainfall anomaly (RA) calculated for Ziway 
station indicates that 55% of the years during the past 40 years‘ exhibited negative anomalies 
and the frequency of negative anomalies increased during recent years.  
Analyses for the seasonal rainfall of the selected stations indicate that growing season rainfall 
of CRV generally exhibits high intra-seasonal variability. In the Belg season total rainfall 
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varies from 175 to 358 mm (CV% 32-55). The Kiremt season has a total rainfall varies 
between 420 and 680 mm (CV% 15-40). Both the Belg and Kiremt rainfall show either no or 
just a slight, non-significant decline in rainfall over time (e.g. Figs. 2.3a and 2.3c for Ziway). 
When analyzing the number of rainy days and the daily rainfall intensity index (mean rainfall 
per rainy days), the result indicates that in the Kiremt season rainy days vary from 29 to 68 
days with an average of 51 days per season (CV% 17). In the Belg season the number of 
rainy days varies from 7 to 37 days per season with an average of 22 days (CV% 33). The 
daily rainfall intensity (mean rainfall per rainy days) in the Kiremt ranges from 5.9-17.1 mm 
day
-1
 with an average of 9.7 mm day
-1 
(e.g. see Fig.2.3b and 2.3d for Ziway station).  
Table 2.2. Annual and seasonal rainfall (mm), coefficient of variation (CV %) and precipitation 
concentration index (PCI) for representative meteorological stations in and around the Central Rift 
Valley in Ethiopia. Kiremt season refers to June to September while Belg refers to March to May. 
Station Annual Kiremt season Belg season PCI 
 Mean CV Mean CV Mean CV  
Arata 734 19.4 446 17.8 219 35.6 12.3 
Assela 1091 21.7 681 19.2 339 32.0 11.9 
Awassa 959 15.1 470 22.6 294 27.7 10.3 
Bulbula 728 29.6 425 38.4 191 47.4 11.9 
Butajira 1113 26.5 587 29.2 358 43.3 11.2 
Debre Zeit 852 24.2 633 24.1 164 50.2 17.2 
Hombol 801 40.3 612 39.8 181 48.3 16.4 
Kulumssa 818 12.6 444 14.7 250 37.5 11.2 
Langano 660 35.7 431 36.7 175 41.6 12.6 
Meki 729 29.6 425 38.4 191 47.4 13.8 
Melkassa 796 19 525 21.6 167 45.7 14.5 
Mojo 901 21.9 668 23.4 166 55.1 17.2 
Nazreth 859 17.1 614 20.4 181 44.7 16.6 
Ogocholo 700 28.1 421 38.1 195 34.8 12.7 
Sagure 772 18.7 464 23.9 215 36.5 12.7 
Ziway 751 21.7 449 24.6 208 46.3 12.4 
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Fig. 2.2. Monthly rainfall distribution with standard deviations for the period 1970-2009 at Ziway    
station in the Central Rift Valley. 
The daily rainfall intensity during the Belg varies from 4.5 to 16.4 mm day
-1
 with an average 
value of 10 mm day
-1
. The daily rainfall intensity showed a slight increase over time during 
the Kiremt (e.g. see Fig. 2.3b for Ziway) while it decreases during the Belg (Fig. 2.3d) but 
both trends were not significant.  
 
Months
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
M
e
a
n
 m
o
n
th
ly
 r
a
in
fa
ll 
(m
m
)
0
50
100
150
200
250
 
Climate variability and change 
27 
 
Fig. 2.3. Seasonal rainfall variability and trends for the period 1970-2009 at Ziway station, Central 
Rift valley, Ethiopia: (a) the mean annual rainfall for the Kiremt (June to September) season; (b) the 
mean rainfall per rainy day (daily rainfall intensity) for the Kiremt; (c) the mean annual rainfall for the 
Belg (March to May) season; (d) the mean rainfall per rainy day (daily rainfall intensity) for the Belg 
season. Both seasons show a slight decline in rainfall amount but trends are not statistically significant 
at 0.05 level of significance. The mean daily rainfall intensity is increasing for the Kiremt and 
decreasing for the Belg. 
Table 2.3 presents Sen‘s slope estimates and Mann-Kendall trend test results for the annual 
and seasonal rainfall of representative stations in the Central Rift Valley. The annual rainfall 
shows negative trends in seven and positive trends in nine out of the sixteen stations. The 
Belg rainfall exhibits negative trends in five stations and positive trends in eleven of the 
sixteen stations. The Kiremt rainfall shows negative trends in nine stations and positive trends 
in six stations. However, the Mann-Kendall trend test result showed that for most of the 
stations, trends of the annual and seasonal rainfall are not statistically significant (p > 0.05). 
The area weighted mean annual rainfall (not shown here) also indicates an insignificant 
declining trend during the period 1977 to 2007 (trend=-0.4). 
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Table 2.3. Mann-Kendall trend test result for the annual and seasonal rainfall of representative 
stations of the Central Rift Valley, Ethiopia. The seasonal rainfall refers to the short rainy season 
locally known as Belg (March to May) season and the main rainy season known as Kiremt (June to 
September).  
Station Annual rainfall Belg rainfall Kiremt rainfall 
Trend 
(mm/year) 
P-value Trend 
(mm/year) 
P-value Trend 
(mm/year) 
P-value 
Arata 2.54 0.34 0.56 0.64 0.44 0.76 
Assela -3.93 0.20 -0.73 0.54 -6.31 0.00 
Awassa 0.56 0.89 1.28 0.45 -1.83 0.16 
Bulbula 5.78 0.06 0.74 0.29 2.15 0.11 
Butajira 0.01 1.00 -1.53 0.47 1.95 0.34 
Debre Zeit 0.02 0.98 0.68 0.26 -0.34 0.69 
Hombol -10.32 0.05 -1.31 0.54 -3.81 0.37 
Kulumssa -0.17 0.92 0.24 0.84 -0.19 0.96 
Langano 4.55 0.11 1.26 0.22 2.54 0.17 
Meki 5.78 0.06 0.74 0.29 2.15 0.11 
Melkassa 2.27 0.40 0.61 0.66 0.11 0.92 
Mojo 2.55 0.25 0.33 0.71 2.00 0.23 
Nazreth -0.65 0.62 0.15 0.93 -0.33 0.92 
Ogocholo -1.83 0.43 -1.08 0.60 -0.45 0.78 
Sagure -3.40 0.28 0.91 0.72 -0.17 0.93 
Ziway -0.64 0.79 -0.03 0.99 -0.13 0.92 
 
2.3.2. Temperature variability and trends 
The annual mean temperature in the CRV is 18.9
o
C. The annual mean minimum and 
maximum temperatures are 12
o
C and 26
o
C, respectively. For the Belg, the minimum 
temperature ranges between 11 and 15
o
C and the maximum temperature varies between 25 
and 29
o
C. The Kiremt season has minimum temperatures of 10-14
o
C and maximum 
temperatures of 22-26
o
C. Temperature characteristics are illustrated for Ziway station in 
Fig.2. 4.  
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Fig. 2.4. Time series and trends for minimum and maximum temperatures during the Kiremt (June to 
September) and Belg (March to May) at Ziway, Central Rift Valley, Ethiopia: (a) the daily minimum 
(Tmin) and maximum (Tmax) temperatures for the Kiremt; (b) the daily minimum (Tmin) and 
maximum (Tmax) temperatures of the Belg;  (c) the number of days with daily maximum temperature 
(Tmax) exceeding 25
o
C (summer days) for both seasons. 
Trends of annual minimum, maximum and mean temperature and Mann-Kendall test results 
are presented for five representative stations in Table 2.4. The annual minimum temperature 
significantly increases in Awassa and Debre Zeit and the maximum temperature significantly 
increases in Awassa, Debre Zeit, Butajira and Ziway. The mean annual temperature generally 
shows a warming trend ranging from 0.12 to 0.54
o
C per decade. On a seasonal basis, the Belg 
minimum temperature increases with 0.1-0.5
o
C and the maximum temperature with 0.1-0.6
o
C 
per decade. Trends are statistically significant in Awassa and Ziway (P<0.05). The Kiremt 
minimum temperature increased with 0.2-0.4
o
C per decade and its maximum temperature 
with 0.2-0.5
o
C per decade. Extreme temperature events, i.e. lowest and highest daily 
minimum and maximum temperatures indicate a significant increase (results not shown). The 
number of days with maximum temperature greater than 25
o
C (summer days) did increase 
(see e.g. Fig. 2.4c for Ziway station).  
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Table 2.4. Trends of annual minimum, maximum and mean temperature and Mann-Kendall test result 
for trends at reference stations in the Central Rift Valley, Ethiopia. Positive values of normalized test 
statistics (Z) indicate an increasing trend and negative Z values indicate decreasing trends.  
Station Trend (
o
C/decade) Normalized test statistics (Z) Probability 
Annual minimum temperature 
Awassa 0.35 4.3 0.000
*
 
Butajira -0.12 -0.3 0.744 
Debre Zeit 0.11 2.5 0.013
*
 
Kulumsa -0.3 -1.6 0.121 
Ziway 0.43 1.6 0.100 
Annual maximum temperature 
Awassa 0.45 4.9 0.000
*
 
Butajira 0.44 3.8 0.000
*
 
Debre Zeit 0.12 3.8 0.000
*
 
Kulumsa 0.14 1.2 0.230 
Ziway 0.47 4.3 0.000
*
 
Mean annual temperature 
Awassa 0.41 5.8 0.000
*
 
Butajira 0.18 0.8 0.426 
Debre Zeit 0.12 3.6 0.000
*
 
Kulumsa -0.13 -1.4 0.155 
Ziway 0.54 5.1 0.000
*
 
* Statistically significant at 0.05 
2.3.3. Characteristics of the growing season  
Start and end of the growing season 
Figures 2.5a and 2.5b present the inter-annual variability of the start and end of the growing 
season for six stations in the Central Rift Valley. The mean potential onset date of the 
growing season in the CRV ranged from Julian day number 86 to 101 (i.e. 26 March to 10 
April). The coefficient of variation for the start of the season (SOS) ranged from 24 to 33%. 
The earliest potential onset date of the growing season is day 66 (6 March) and the latest is 
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day 184 (2 July). The mean end date of the growing season (EOS) for the study area ranged 
from day 253-286 (9 September to 12 October) with a coefficient of variation of 5-7%. The 
earliest possible end date of the growing season is day 245 (1 September). Analysis for the 
risk of failure in early planting due to false start of the rainfall season (not shown here) 
indicates that at Ziway, the first planting was not successful in 65% of the 40 years. The extra 
time before a successful planting had a mean of 26 days with a standard deviation of 27 days.  
Length of growing season (LGS) 
The mean length of growing season of six stations in the study area ranged from 161 to 197 
days (CV% 13-21%) (Fig. 2.5c, d). The standard deviation for the length of the growing 
season is 24-35 days. The inter-annual variability of LGS is illustrated for Ziway station in 
Fig.2.5d. Some of the years in Ziway had a short growing season and some have extended 
growing season. Statistically, it varies from a minimum of 76 days to maximum of 239 days. 
The length of growing season is highly correlated with the starting date of the growing season 
(R= 0.7 to 0.9). For instance, 77% of the variability in length of the growing season at Ziway 
is explained by the starting time of the growing season (Fig. 2.5e). Weak correlations exist 
between start and end date of the season as well as between length of growing season and end 
date of the season (R
 
< 0.5).   
 
Crop water requirement satisfaction index  
Figures 2.6a and 2.6b present the seasonal water requirement satisfaction index for a 90-day 
and 120-day maize cultivar at Ziway between 1970 and 2009. The WRSI for a 90-day-maize 
cultivar varies from 76 to 100% except for three years (1970, 1986 and 1987). The 
exceptional low values in the three years were due to the early termination of rain and long 
dry spells during the growing season. The index was less than 100% in 55% of all analyzed 
seasons. For a 120-days maize cultivar, the index varies from 64 to 100% and in 83% of the 
seasons the WRSI was less than 100%. Index values lower than 100% generally indicate 
inadequate rainfall during the growing season.  
Dry spells during the growing season 
For three selected stations, the probability of occurrence of longer dry spells (longer than 15 
days) is 0.2 in March and decreases to 0 from middle to the end of June and increases again 
after the end of August (Fig. 2.7). The probability of dry spells of 5 and 7 days is 1 during the 
earlier months. All dry spell probability curves converge to their minimum during the peak 
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rain season (Day 184 -244) and increase again around September (Day 245-274) signaling 
the end of the growing season. In general, the Belg has higher probability of dry spells than 
the Kiremt. 
 
Fig. 2.5. Characteristics of the growing season at the Central Rift Valley. The Box and whisker plots 
in a, b and c depict the start of the season (SOS), end of the season (EOS) and length of the season 
(LGS); respectively for representative stations (Awassa, Bulbula, Debre Zeit, Kulumsa, Meki and 
Ziway). Boxes indicate the lower and upper quartiles. The solid line within the box is the median. 
Whiskers indicate the minimum and maximum values and dots are outliers; (d) shows the year to year 
variability of length of growing season at Ziway presented in terms of percentage of deviation from 
the mean (anomalies); (e) indicates the relation between length of growing season and start of the 
season for Ziway station.  
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Fig. 2.6. Water requirement satisfaction index:  (a) for a 90-day maize cultivar and (b) for a 120-day 
maize cultivar at Ziway in the Central Rift Valley of Ethiopia. The WRSI index indicates the extent to 
which the water requirements of a given crop have been satisfied during its growth cycle. 
 
Fig. 2.7. Probability of dry spells longer than 5, 7, 10 and 15 days length during the growing season 
for three stations (Bulbula, Debre Zeit and Ziway) of the Central Rift Valley.  
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2.3.4. Future climate scenarios 
Projected changes in rainfall 
Projections based on eight combinations, i.e. four general circulation models (GCMs) with 
two IPCC emission scenarios, suggested that the annual and seasonal rainfall will most likely 
decline by the 2080s relative to the current baseline (1971-1990). The range of projected 
rainfall changes is presented for Ziway station in Table 2.5. The change in annual rainfall 
range from +10% (by HadCM3A2) to -40% (by CGCM2A2). The most relevant months from 
the point of view of rainfed crop production (i.e. March to September) showed declining 
rainfall in most projections. The Kiremt rainfall shows an extremely wide range of projected 
changes from -20% (by CSIRO2) to -68% (by CGCM2A2). The rainfall change for the Belg 
season is also extremely wide from -18% (by HadCM3) to -65% (by CGCM2). A substantial 
increase in rainfall is expected for agriculturally less relevant months (November to 
December). The GCM projections suggest that the length of growing season will vary in the 
range of +16 to -35% by 2080s relative to the current climatic conditions (Table 2.6). Highest 
changes are projected by the CGCM2 model for A2 emission scenario, showing a decline of 
the length of growing season by 22% at Ziway, 35% at Debre Zeit and 12% at Kulumsa. 
 
Projected changes in temperature  
All four GCMs under the two emission scenarios suggested an increasing trend in 
temperature. For Ziway, the Kiremt maximum temperature is expected to increase in the 
range of 2-4
o
C under the A2 scenario and 1.3-2.5
o
C for the B1 scenario (Fig. 2.8). The 
Kiremt minimum temperature is also expected to increase by 2-4
o
C under A2 scenario and by 
1.2-2.4
o
C under the B1 scenario. For the Belg, the maximum temperature is expected to 
increase by 2.3-4.2
o
C under the A2 scenario and 1.8-2.7
o
C under B1 scenario and the 
minimum temperature is expected to increase by 2.3-4.2
o
C (A2 scenario) and 1.4-2.7
o
C (B1 
scenario).  
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Table 2.5. Ranges of percentage changes in monthly and annual rainfall as projected by different 
General Climate Models (GCMs) for two emission scenarios for the 2080s relative to the baseline 
period (1971-1990) at Ziway station, CRV, Ethiopia. Note, the combination CGCM2A2, for example 
is composed of the GCM named CGCM2 and emission scenario A2.  
 
HadCM3 
A2 
HadCM3 
B1 
CSIRO2 
A2 
CSIRO2 
B1 
CGCM2 
A2 
CGCM2 
B1 
PCM 
A2 
PCM 
B1 
 January 32 18 14 -4 11 4 1 0 
February 15 2 9 -7 10 6 0 1 
March 19 -5 -8 -4 0 11 15 3 
April 34 16 -11 -14 -46 -18 -2 -2 
May -18 1 -5 -8 -65 -45 7 1 
June -14 -16 -20 -16 -68 -42 -1 2 
July 7 2 -12 -8 -38 -17 0 -5 
August 14 8 -13 -7 -50 -21 4 2 
September 7 0 1 3 -44 -29 -1 0 
October 33 -11 27 18 -40 -49 61 35 
November 191 9 38 26 238 191 2 21 
December 139 73 9 37 195 102 44 55 
Annual 10 2 -6 -6 -40 -22 5 2 
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Table 2.6. Projected percentage change in length of the growing season (LGS) for three representative 
stations of the Central Rift Valley, Ethiopia, based on the combination of four GCMs and two 
emission scenarios by the 2080s relative to the current baseline period (1971-1990); GCM-emission 
scenario combinations as in Table 2.5. 
  LGS changes (%) under different scenarios 
Stations 
CGCM2 
A2 
CSIRO2 
A2 
HadCM3 
A2 
PCM 
A2 
CGCM2 
B1 
CSIRO2 
B1 
HadCM3 
B1 
PCM 
B1 
Ziway -22 -11 16 4 -13 -3 7 2 
Debre Zeit -35 -7 -3 2 -18 -6 -4 1 
Kulumssa -12 2 12 13 -7 8 10 11 
 
Fig. 2.8. Box-and-whiskers plots of the minimum and maximum temperatures projected under the A2 
and B1 emission scenario and four climate models by the end of the century relative to the current 
base period (1971-1990).  Lower and upper boundaries of the boxes indicate the 25th and 75th 
percentiles; respectively. A line within the box marks the median. Whiskers above and below the box 
indicate the 90th percentiles. Dots are outliers with criteria of 5th and 95th percentiles. GCM2 is a 
climate model from the Canadian Center for Climate Modelling and Analysis, Canada; CISRO2 is the 
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Australian Common Wealth Scientific and Industrial Organization, Australia; HadCM3 is the Hadley 
Center for Climate Prediction and Research, UK; PCM is Parallel climate model of the National 
Center for the Atmospheric Research, USA. A2 and B1 indicate the mid-range and low emission 
scenarios of the IPCC (Mitchell et al., 2004; Meehl et al., 2007). The models represent moderate 
(+2.5
o
C) to high (+4
o
C) global warming estimates for the end of the century.   
2.4. Discussion 
2.4.1. Current climate and its implication for rainfed crop production 
The analysis on long term rainfall data for the CRV showed large inter-annual and season to 
season variation in the amount and distribution of rainfall. Our analysis on trends revealed 
that the growing season rainfall generally exhibited a slight, but statistically insignificant 
decline. A decrease in the number of rainy days with an increase in the mean rainfall per 
rainy day has been observed over the past few decades, signifying an increase in the intensity 
of rainfall, particularly for the Kiremt. The trends observed are, however, not statistically 
significant. This result is in agreement with other studies in parts of the country. For instance, 
Cheung et al. (2008) found a decline in the Kiremt rainfall for watersheds located in the south 
western and central parts of the country, but also their observed changes were not statistically 
significant for any of the watersheds examined. Osman and Sauerborn (2002) also found 
negative anomalies with Kiremt rainfall frequently being lower than the long-term average 
for the north central highlands of Ethiopia. Despite the absence of significant trends in 
rainfall patterns, the high inter-annual variability and season to season variation implies a 
challenge to rainfed agriculture. The declining trend in Kiremt rainfall and increase in daily 
rainfall intensity disadvantages rainfed crop production. Various studies indicate that the 
amount and temporal distribution of rainfall is generally the most important determinant of 
inter-annual fluctuations in crop production in Ethiopia and has reported to have significant 
effects on the country‘s economy and food production for the last three decades (World 
Bank, 2006; Bewket and Conway, 2007; Hellmuth, 2007; Araya and Stroosnijder, 2011; 
Conway and Schipper, 2011; Demeke et al., 2011). Large variability of Belg rainfall already 
makes this season  unsuitable for rainfed agriculture (Rosell, 2011). Higher rainfall intensities 
during the main rainy season could increase the rate of erosion and loss of nutrients from 
arable soils, thereby reducing soil fertility (Yengoh et al., 2010) and consequently impacting 
crop productivity. 
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The length of the growing season and its reliability (Jaetzold and Kutsch, 1982) determines 
the suitability of crops and cultivars that can be cultivated in a given area and is an important 
indicator of yield potentials. The lengths of the growing season in the CRV exhibits a high 
inter annual variability with slight declining trend. The onset date of the growing season 
shows a trend towards late starting. With a high correlation between the starting date of the 
growing season and length of the growing season, delay of the onset implies shortened 
growing period leading to low crop productivity. Earlier studies also provided evidence that 
uncertainty of the growing season is one of the main challenges for rainfed crop production. 
World Bank (2006), for instance, reported that the late start of the Kiremt in 1997 caused a 
reduction in average yield of cereals by 10% across Ethiopia. Camberlin and Okoola (2003) 
observed a 25-30% maize yield reduction in Kenya due to a 20 day delay of the main rainfall 
season. The CRV is further characterized by intermittent dry spells with higher probabilities 
of occurrence during the growing season. Most of the crops cultivated in the CRV are most 
likely to be exposed to moisture stress. For instance, at Ziway, there is a chance of 26% of 
getting dry spells of longer than 7 days at the early growth stage of a crop and the probability 
is higher (92%) during the late development stage of the crop. Earlier studies by Segele and 
Lamb (2005) and Araya and Stroosnijder (2011) also indicate that dry spells of about 10 days 
length is one of the major causes of crop failure in rainfed farming systems of Ethiopia. The 
latter authors indicate that 20% of crop failure in drought prone parts of Ethiopia is due to dry 
spells during the growing season. In general, the Belg has higher probability of dry spells 
than the Kiremt. This may be because Belg rainfall is influenced much more by cyclonic 
activity than the Kiremt period and negative anomalies in sea surface temperature (SST) are 
strongly associated with rainfall deficiency in the Belg season (Seleshi and Camberlin, 2006). 
The water requirement satisfaction index calculated for 90-day and 120-day cycled maize 
cultivars indicates that the effective rainfall available during the growing season is not 
sufficient for maximum production of the crops in most of the seasons. Crops, particularly 
long cycled varieties experience water stress during the growing season and farmers need to 
shift to short cycled crops as long as rainfall is the only source of water for crop production. 
The analysis provides an indication for the necessity of improved farm management practices 
to support production of short cycled varieties. 
The inter-annual and intra-seasonal rainfall variability in the CRV is accompanied with a 
significant warming trend in temperature, which can add stress to crop growth during periods 
Climate variability and change 
39 
 
of already high temperatures. The mean annual temperature increased in the range of 0.12-
0.54
o
C per decade during the study period. Previous studies also indicate that warming has 
occurred across Ethiopia (Conway, 2000; Boko et al., 2007; NMA, 2007), particularly since 
the 1970s at variable rates but broadly consistent with global and African trends. The latter 
authors indicated that between 1960 and 2006, the mean annual temperature has been 
increased at an average rate of 0.2
o
C per decade. The warming trend imposes its impact on 
crop production with raising the evaporative demand, particularly in regions like the CRV 
where rainfall is already scarce. Declined growing season rainfall with high evaporative 
demand will increase the risks of low yields in rainfed crop production. 
2.4.2. Projected climate change and possible implications 
Projection of future rainfall conditions suggest that annual and seasonal rainfall of the study 
area are most likely to decrease. Associated with the declining trends in seasonal rainfall, the 
length of growing season of CRV is also projected to be shortened. Other reports on future 
rainfall projections for Ethiopia support our result. For instance, Arndt et al. (2011) indicate 
that the Kiremt rainfall will decline by 20% and the Belg rainfall will decline by 5-6% by 
2080s relative to the 1960-1990 period. Thornton et al. (2006) reported that in much of the 
regions across Africa including Ethiopia, there will be little to moderate reduction in the 
length of the growing period (< 20%) and in other parts the reduction will be more severe 
(>20%). Our analysis for future temperature also revealed that the warming trend will 
continue and the annual temperature is expected to increase in the range of 1.4-4.1
o
C by the 
end of this century. This result is consistent with reports for other countries as well as global 
projections. For Ethiopia, NMA (2007) reported that the annual temperature is expected to 
increase in the range of 2.7 to 3.4
o
C by the 2080s compared to the 1961-1990 base period. 
For global scale projection, the Fourth IPCC assessment report suggested an increasing trend 
of temperature in the range of 1.5 to 4.5
o
C by the end of the century (Meehl et al., 2007).  
We used a delta change approach which assumes that the behavior of current climate 
variability stays the same in the future. However, such an assumption may not be true as 
climatic extremes (e.g. heat waves; high intensity rainfall)   are expected to become more 
frequent and severe under a changing climate. On the other hand, climate models, be it GCMs 
or RCMs, still have a number of deficiencies that make projections, especially those on 
changes in variability quite uncertain, even in well-studied European regions as shown by 
(Boberg and Christensen, 2012). Future progress in dynamic downscaling combined with 
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improvements of stochastic weather generators, calibrated for the region, and their 
application will allow showing what the effects of plausible changes in extreme events under 
future climates would be. Considering this limitation, the analysis on projected rainfall and 
temperature changes provides indication that rainfed crop production in the CRV, which is 
already affected by current climate variability, is most likely to be further challenged under 
the changing climate. The projected decline in growing season rainfall and the continuing 
warming trend will further increase moisture stress in the future. Several climate change 
impact studies revealed that there could be considerable yield reduction, particularly in Sub-
Saharan countries including Ethiopia. Parry et al. (2004), for instance, reported that cereal 
yields in East Africa will be declined by 5-20% by 2080s and NMA (2001) reported a 
decrease in wheat yield of 24-33% in Ethiopia by 2080.  
2.5. Conclusions 
Past and future trends in inter-annual and inter-seasonal rainfall variability, declining rainfall 
amount, variability in the length of the growing seasons and in-season dry spells together 
with increasing temperature generally indicate an increasing risk for rainfed crop production 
in the CRV. However, the severity of risk varies spatially and depends on the climate change 
scenario, whereby some of them also show a reduced risk. Shorter growing seasons due to a 
delayed start of rainfall hampers soil preparation and exposes crops to increased terminal 
moisture stress during grain filling, reducing crop yields. Increased rainfall intensities can 
cause increased soil erosion and losses of nutrients from arable soils impacting crop 
production. The increasing temperature will increase the rate of evapotranspiration and crop 
water requirements, adding to the currently frequent water stress of crops. Rainfed crop 
production in the CRV, which is already impacted by the current climate variability, is likely 
to be further challenged with future climate change. As a consequence, specific impact-based 
adaptation strategies are essential to reduce the vulnerability of rainfed crop production in the 
CRV. 
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Abstract 
There is a high demand for quantitative information on impacts of climate on crop yields, yield gaps 
and their variability in Ethiopia, yet, quantitative studies that include an indication of uncertainties in 
the estimates are rare. A multi-model simulation approach using the two crop models, i.e. Decision 
Support System for Agro-Technology (DSSAT) and WOrld FOod STudies (WOFOST) was applied 
to characterize climate-induced variability and yield gaps of maize. The models were calibrated and 
evaluated with experimental data from the Central Rift Valley (CRV) in Ethiopia. Subsequently, a 
simulation experiment was carried out with an early maturing (Melkassa1) and a late maturing 
(BH540) cultivar using historical weather data (1984-2009) of three locations in the CRV. Yield gaps 
were computed as differences among simulated water-limited yield, on-farm trial yields and average 
actual farmers‘ yields. 
The simulation experiment revealed that the potential yield (average across three sites and 1984-2009) 
is 8.2-9.2 and 6.8-7.1 Mg/ha for the late maturing and early maturing cultivars, respectively; ranges 
indicate mean differences between the two models. The simulated water-limited yield (averaged 
across three sites for 1984-2009) is 7.2-7.9 Mg/ha for the late maturing and 6.1 to 6.7 Mg/ha for the 
early maturing cultivar. The water-limited yield shows high inter-annual variability (CV 36%) and 
about 60% of this variability in yield is explained by the variation in growing season rainfall. The gap 
between average farmers yield and simulated water-limited yield ranges from 4.7 to 6.0 Mg/ha. The 
average farmers‘ yields were 2.0-2.3 Mg/ha, which is about 1.1 to 3.1 Mg/ha lower than on-farm trial 
yields. In relative terms, average farmers‘ yields are 28-30% of the water-limited yield and 44-65% of 
on-farm trial yields. Existing yield gaps indicate that there is scope for significantly increasing maize 
yield in the CRV and other, similar agro-ecological zones in Africa, through improved crop and 
climate risk management strategies. As crop models differ in detail of describing the complex, 
dynamic processes of crop growth, water use and soil water balances, a multi-model approach 
provides information on the uncertainty in simulating crop-climate interactions.  
 
Key word: WOFOST, DSSAT, Crop simulation, Water-limited yield, Yield gap, Ethiopia 
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3.1. Introduction 
Climate variability and change negatively affect agriculture in most parts of Africa especially 
the semi-arid areas in Sub-Saharan countries (Hellmuth et al., 2007; Cooper et al., 2008; 
Thornton et al., 2011), characterized by high rainfall variability (Haile, 2005). It is expected 
that climate change has already and will further increase climatic variability and the 
frequency and severity of extreme weather events in Africa as well as elsewhere (Cooper et 
al., 2008; Müller et al., 2011; Thornton et al., 2011; Coumou and Rahmstorf, 2012; IPCC, 
2012). With the increasing climate induced risks, rainfed agriculture in many regions of 
Africa is projected to become further constrained. For instance, a study by Jones and 
Thornton (2009) indicated that crop yields in Sub-Saharan Africa may decline by 10-20%  
and some regions would be unsuitable for crop farming by the mid of this century. Some 
other studies are less pessimistic (Müller et al., 2011). 
Ethiopia is among the most vulnerable countries in Sub-Saharan Africa due to its great 
reliance on climate sensitive sectors, particularly agriculture (Thornton et al., 2006; World 
Bank, 2006; Conway and Schipper, 2011; Rosell, 2011). Climate variability, particularly 
rainfall variability and associated droughts have been reported as major causes of food 
insecurity and famine in Ethiopia (Thornton et al., 2006; Conway and Schipper, 2011; 
Demeke et al., 2011; Rosell, 2011). Though climate risk has been suggested as the main 
source of uncertainty in crop production, quantified information on climate induced-yield 
variability and the magnitude of yield gaps (Van Ittersum and Rabbinge, 1997) due to water 
limitation and imperfect management is scarce across Africa. There is high demand to better 
quantify impacts of climate variability (as well as climate change) in Sub-Saharan Africa 
(Challinor et al., 2007b; Müller et al., 2011; Funk et al., 2012). The generation of new data 
through traditional agronomic field research methods is, however, not sufficient to meet these 
urgent needs (Jones et al., 2001). Traditional agronomic field experiments are conducted at 
particular points in time and space, making results site and season specific, time consuming 
and expensive. Application of advanced research tools such as crop simulation modelling 
approaches offer an effective alternative to develop climate risk management strategies 
(Hansen and Jones, 2000; Jones et al., 2001; Verdin et al., 2005; Cooper et al., 2008; 
Challinor et al., 2009a). Dynamic, process-based crop simulation techniques are important 
tools for understanding the impacts of climate variability and change on crop production 
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systems and to evaluate climate risk management options (Alexandrov and Hoogenboom, 
2000; Soler et al., 2007; Challinor et al., 2009a; Meza and Silva, 2009; Ventrella et al., 2012). 
However, such tools are not yet widely used in research and agricultural decision support in 
Africa. 
While using multiple climate models has become a common approach in climate risk studies 
(Tebaldi and Knutti, 2007; Rosenzweig et al., 2013b), usually only single crop models have 
been applied in translating climate into agricultural impacts (see e.g. Žalud and Dubrovský, 
2002; Soler et al., 2007; Meza and Silva, 2009; Liang et al., 2011). Crop growth is a complex 
process involving interactions of soil, crop and weather variables and results obtained with 
deterministic crop models comprise various types of uncertainty (Challinor et al., 2009b; 
Eitzinger et al., 2008; Palosuo et al., 2011; Rötter et al., 2011a; Rötter et al., 2012a). One way 
to capture such uncertainty in crop modelling is using the output of different simulation 
models. The need of a multi-model simulation approach has been suggested in response to 
crop model inter-comparisons performed in the framework of the European COST action 
―Impacts of climate variability and change on European agriculture‖ (COST 734) (Palosuo et 
al., 2011; Eitzinger et al., 2012; Rötter et al., 2012b). This need has been recognized and 
further examined for climate change studies in the Agricultural Model Inter-comparison and 
Improvement Project (AgMIP), which aims to improve the description of crop-climate 
interactions in models and to promote the application of multiple crop models in climate 
impact assessments (Rosenzweig et al., 2013b) with special emphasis on assessing 
uncertainty in crop simulation models (Asseng et al., 2013). The main objectives of this study 
were to assess the impacts of current climate variability on yield variability of widely used 
maize cultivars and to analyze existing yield gaps in the Central Rift Valley of Ethiopia, 
representative for other low input and semi-arid to sub-humid rainfed systems in Sub-Saharan 
Africa using two crop models for indicating model uncertainty.  
3.2. Material and Methods 
3.2.1. Description of case study area 
The study was conducted in the Central Rift Valley (CRV). The CRV study region (center-
point) is located 120 kilometers south of Addis Ababa and it is characterized by an 
alternating topography with a central valley floor at 1500-1700 meters above sea level 
(m.a.s.l) and bounded by a western and eastern escarpment with highest altitudes of over 
4000 m.a.s.l. (Jansen et al., 2007). Based on annual rainfall distribution, CRV is characterized 
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by a bi-modal rainfall pattern, which is a typical characteristic for the central, eastern and 
north-eastern parts of Ethiopia. Our crop simulations focused on the valley floor, which 
receives approximately180 to 360 mm rainfall during a short rainy season (March-May) and 
420 to 680 mm during the main rainy season (June to September). Currently, rainfed cereal-
based production systems and modest livestock rearing are the mainstays of livelihoods for 
households in the CRV. Maize (Zea mays) is the major crop cultivated and has a significant 
role in the livelihoods of smallholders in the CRV (Biazin and Stroosnijder, 2012).  
3.2.2. Description of models 
Crop models are powerful tools to assess the risk of producing a given crop in a particular 
soil-climate regime and to assist in management decisions that minimize the risk of crop 
production (Van Diepen et al., 1989; Tsuji et al., 1998; Van Ittersum et al., 2003; 
Hoogenboom et al., 2004; Challinor et al., 2009c). Crop models integrate knowledge from 
different disciplines and provide researchers with capabilities for conducting simulation 
experiments to supplement actual experiments (Jones et al., 2001). The models simulate dry 
matter production as a function of climate conditions, crop characteristics, soil properties and 
management practices. Two crop growth models, i.e. CERES-maize of Decision Support 
System for Agro-Technology (DSSAT, v4.5) and WOrld FOod STudies (WOFOST, v7.5) 
were used in this study. Table 3.1 presents the modelling approaches of these models in 
describing main crop growth and development processes.  
 
DSSAT is a software package that contains a number of process-based, mechanistic and 
management oriented crop modules (Jones et al., 2003). CERES-maize is one of the various 
models embedded in DSSAT. The CERES-maize, hereafter referred to as DSSAT, simulates 
crop development and growth, and the partitioning of assimilates to various plant parts as a 
function of environmental factors such as soils, weather and crop characteristics. 
Phenological development and growth of a crop are specified in DSSAT by cultivar-specific 
genetic coefficients (Hoogenboom et al., 2004). DSSAT consists of soil water and nitrogen 
balance sub-modules. The soil water module simulates changes in soil water content across 
soil layers due to infiltration, soil evaporation, vertical drainage, unsaturated flow and root 
water uptake processes on daily time step (Jones et al., 2003). The nitrogen module simulates 
soil nitrogen balance processes such as mineralization, immobilization and nitrogen leaching. 
The performance of DSSAT has been tested for a range of soil and climatic conditions in 
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various studies (see e.g. Ben Nouna et al., 2000; Eitzinger et al., 2004; López-Cedrón et al., 
2005; Popova and Kercheva, 2005; Soler et al., 2007; Fosu-Mensah et al., 2012).  
WOFOST is a dynamic crop model (Van Diepen et al., 1989) developed in Wageningen, The 
Netherlands. The model has been designed to simulate crop growth processes such as 
phenological development, assimilation, respiration and evapotranspiration as a function of 
crop characteristics and management, weather conditions, soil characteristics and soil water 
balance. It has been tested and applied in various environmental conditions (Rötter, 1993; 
Wang et al., 2011; Wolf et al., 2011; Boogaard et al., 2013). We used the version without 
nutrient limitation. 
3.2.3. Model input data sets 
The minimum input data set required to simulate crop growth is discussed in detail by Jones 
et al. (2003) for DSSAT and by Boogaard et al. (1998) for WOFOST. Generally, input data 
required for the models are crop management information, cultivar specific parameters 
(genetic coefficients), soil properties and daily weather variables of the study areas.  
Crop data 
Crop management data and cultivar information were collected from Melkassa and Awassa 
research centers of the Ethiopian Agricultural Research Institute and published sources 
(Gebre et al., 2002; Nigussie et al., 2002; Howard et al., 2003). General cultivar information 
and experimental data on phenology and yield components is presented in Table 3.2. The 
experimental data were from fertilizer trials with fertilizer rates ranging from zero (no 
fertilizer) to the recommended rates (100 kg) for the sites (Debelle et al., 2001; Biazin and 
Stroosnijder, 2012). For the model calibration, the treatments with the recommended fertilizer 
rates, i.e. 100 kg/ha urea and 100 kg/ha Di-ammonium Phosphate (64 kg N/ha and 46 kg 
P/ha) for BH540, and 65 kg/ha urea and 100 kg/ha DAP (48 kg N/ha and 46 kg P/ha) for 
Melkassa1 were used. The cultivars BH540 and Melkassa1 are widely used in the study 
areas. 
Soil data  
The dominant soils of the study area are Vitric Andosol and Haplic Luvisol (Table 3.3), 
hereafter referred to as Andosol and Luvisol, respectively. Specific soil parameters required 
for model input such as lower limit (LL), drained upper limit (DUL) and saturation, drainage  
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Table 3.1. Modelling approaches of CERES-Maize (DSSAT) and WOFOST for major processes of 
crop growth and development. Source: Modified after Palosuo et al. (2011). 
Processes  CERES-Maize WOFOST 
 
Crop phenology Function of temperature, photoperiod Function of temperature 
and photoperiod 
 
Leaf area development 
and light interception 
Simple: Leaf area expansion is driven by 
temperature as a function of leaf number and 
assimilate availability 
Detailed: Leaf area 
expansion is driven by 
assimilate availability, 
dry matter partitioning 
coefficients and specific 
leaf area 
 
Light utilization Descriptive (simple) radiation use efficiency 
approach. Constant radiation use efficiency 
is used to directly convert absorbed radiation 
into dry matter. 
Explanatory (detailed) 
gross photosynthesis 
respiration approach. 
Intercepted radiation is 
divided into direct and 
diffusive parts and 
integrated over leaf area 
index distribution. 
 
Dry matter accumulation Driven by temperature as a function of 
phenology, limited by assimilate availability, 
excess assimilate partitioned to roots 
Driven by assimilate 
supply and regulated by 
dry matter partitioning 
coefficients to all organs 
 
Rooting distribution over 
depth  
Exponential Linear 
 
Method to calculate 
evapotranspiration 
Priestley–Taylor Penman 
 
Water dynamics Capacity approach, 
multi-soil layer 
Capacity approach, 
single soil layer 
   
Model type Crop specific, dynamic Generic, dynamic 
   
Simulation time step Daily Daily 
                                              
coefficients and runoff curve number were estimated using the SBuild program available in 
the DSSAT as discussed in detail in Hoogenboom et al. (2004) and Jones et al. (2003) from 
measured soil profile data (Table 3.3). For simulation with WOFOST, soil parameters were 
based on the average soil profile characteristics considering the fact that WOFOST uses a 
single soil layer. Wang et al. (2011) used similar approach to determine the soil water balance 
parameters for WOFOST input data. 
Chapter 3 
50 
 
Table 3.2. General agronomic information and experimental data for phenology and grain yield of 
maize cultivars (Debelle et al., 2001; Nigussie et al., 2002; Worku et al., 2012). 
General information of cultivars 
Agronomic information  BH540 Melkassa1 
Altitude (m.a.s.l)  1000-2000 500-1600 
Rainfall ( mm)  1000-1200 600-1000 
Days from planting to flowering 
(days) 
 66-75 48-49 
Days from planting to maturity (days)  145 105 
Plant height (cm)  240-260 150-170 
Spacing between rows (cm)  75 75 
Spacing between plants (cm)  30 20 
Planting density (plants/m
2
)  5.3 6.6 
Recommended fertilizer rate 
(Urea/DAP kg/ha) 
 100/100 50/100 
Potential yield (Mg/ha)  8-10 7 
Experimental data  
Site Year cultivar Planting 
date 
Planting 
density 
(plants/m
2
) 
Days 
from 
planting 
to  
anthesis 
Days 
from 
planting 
to 
maturity 
Grain 
yield 
(Mg/ha) 
Awassa 2009 (Set I) 
2009 (Set II) 
BH540 17-May 5.33 71 139 6.41 
18-May 5.33 69 136 6.38 
Ziway 2003 Melkassa1 29-Jun 6.66 51 106 5.04 
2004 26-June 6.66 52 104 5.99 
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Table 3.3. Main soil properties of the study areas used in model calibration and simulation.  LL refers 
to the soil water content at wilting point and DUL is the soil water content at field capacity (Fritzsche 
et al., 2007; Biazin and Stroosnijder, 2012). 
Soil type Soil depth (cm) Sand% Silt % Clay % LL DUL Saturation 
 0-13 66.5 31.3 2.2 0.11 0.26 0.52 
Andosol 13-46 66.4 33.2 0.4 0.09 0.24 0.52 
 46-130 87 12.2 0.8 0.05 0.12 0.43 
 0-20 28 45.8 26.2 0.30 0.45 0.49 
Luvisol 20-60 43 41.6 15.3 0.25 0.36 0.43 
 60-105 37.9 46.1 16.1 0.28 0.41 0.45 
 105-150 53.2 45.7 1.1 0.25 0.32 0.37 
 
Weather data 
Historical weather data (1984-2009) was obtained from the National Meteorological Agency 
of Ethiopia. The weather data (rainfall and temperature) had been previously quality checked 
and published by Kassie et al. (2013). Radiation data was estimated using the Angström 
(Supit, 1994) and the modified Hargreaves-Samani equations (Hargreaves and Samani, 1982; 
Allen et al., 1998; Annandale et al., 2002; Almorox, 2011). For years with records of 
sunshine hour, the Angström equation was used to estimate the radiation while for years with 
no sunshine hour records, the Hargreaves-Samani equation was used. We estimated the 
difference between the two methods. 
3.2.4. Model calibration and evaluation 
Site-specific calibration and evaluation of model performance is a precondition for using 
models for other locations than they were developed (Thornton et al., 1995; Tsuji et al., 1998; 
Jones et al., 2001; Van Ittersum et al., 2003). The main objective of model calibration was to 
adapt the model parameters to local conditions (e.g. soil types and weather conditions) to gain 
a good overall agreement between simulated and observed values. The models used in this 
study were therefore calibrated using the experimental data presented in Table 3.2. The 
datasets from 2003 and one set of 2009 (set I) were used for model calibration and the data 
set from 2004 and the second dataset of year 2009 (set II) were used for model evaluation. 
We focused model calibration on phenology first and then on growth and yield. Performance 
of the models was evaluated comparing the deviation between observed and simulated 
values. Statistical indicators, i.e. the root mean square error (RMSE), index of agreement (d) 
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(Willmott, 1981) and coefficient of determination (R
2
) were used, as in other studies (e.g. 
Rötter et al., 2012b) for evaluating the performance of DSSAT. For the statistical evaluation 
of DSSAT performance, the nitrogen sub-routine of DSSAT model was turned-on and 
nitrogen-limited and high nitrogen treatments were simulated. Small values of RMSE and d-
values, and R
2 
close to 1 were considered as indicators for good performance of the DSSAT 
model. These statistical measures could not be used for WOFOST as its evaluation was 
restricted by too few data points and only one high nitrogen treatment. 
3.2.5. Yield variability and yield gap analysis 
After calibration and evaluation of the models, a multi-year simulation with historical 
weather data (1984-2009) was carried out to analyze yield variability and gaps. The 
simulation was done for three sites which represent rainfed maize production areas in the 
CRV. The onset of planting date within a planting window (April 15-July 7) was triggered 
when accumulated rainfall reached 40 mm in five consecutive days (Raes et al., 2004; Araya 
and Stroosnijder, 2010). Initial soil water contents were set to 50% of the water holding 
capacity, which provides nearly similar initial conditions at the start of the simulation for 
both models despite the differences in number of soil layers in the two models. Two levels of 
yields, namely water-limited and potential yield were simulated. Potential yield is the yield of 
a crop cultivar when grown with water and nutrients non-limiting and biotic stress effectively 
controlled (Van Ittersum and Rabbinge, 1997). Therefore, the potential yield is limited by 
climate conditions (temperature, solar radiation, CO2 concentration) and plant genetic 
characteristics. The water-limited yield, which is also known as water-limited yield potential, 
is additionally influenced by rainfall and soil water characteristics. The inter-annual 
variability of simulated yields was evaluated using the coefficient of variation (CV). 
Yield gap analysis involves quantifying the differences between simulated potential yield and 
farmers‘ yield levels and identifying those factors responsible for the yield differences 
(Lobell et al., 2009; Liang et al., 2011; Van Ittersum et al., 2013). The references for 
calculating yield gaps are yields under optimum management which are potential yield under 
irrigation conditions or water-limited yield under rainfed conditions (Van Ittersum and 
Rabbinge, 1997). Since maize is predominantly grown under rainfed conditions in our study 
area, we used the simulated water-limited yield as a reference to calculate current yield gaps. 
In case of African small holder agriculture, Tittonell and Giller (2013) suggested that the 
concept of yield gaps can be meaningful when at least two main components of yield gaps are 
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distinguished: (i) the gap between water-limited and average farmers‘ yield and (ii) the gap 
between best yields attained in farmers‘ fields and average farmers yields. Accordingly, we 
calculated three types of yield gaps: (1) the gap between simulated water-limited yield and 
average farmers‘ yield, (2) the gap between water-limited yield and on-farm trial yield and, 
(3) the gap between on-farm trial yield and average farmers yield. We quantified gaps for 
each individual year and used the average to define the yield gap for each study site. 
Average and on-farm trial yields 
Average (actual) and on-farm trial yields were obtained from reports of agricultural research 
centers and the National Agricultural Extension Intervention Program (NAEIP) of Ethiopia 
(Gebre et al., 2002; Nigussie et al., 2002; Howard et al., 2003; Abebe et al., 2005; Rockström 
et al., 2009) and presented in Table 3.4. Average farmer yield refers to yield levels achieved 
with current conventional farming practices, often including low or no external inputs. A 
minimum of 5 recent years of average yield data are required to define a meaningful yield 
gap for a given study area (Hochman et al., 2013; Van Ittersum et al., 2013). The average 
yields in our yield gap calculation were based on data from 6 to 10 years depending on 
available databases for the study sites. On-farm trial yields are from on-farm technology 
demonstration and NAEIP field trials achieved with improved agricultural practices (e.g. 
fertilizer, improved seed) at farmers‘ plots and under farmers‘ management. On-farm 
demonstration and NAEIP field trials were designed to test and disseminate improved 
agricultural inputs and practices using so-called ‗model farmers‘ (Howard et al., 2003; 
Spielman, 2008). Accordingly, the on-farm trial yields are assumed to be approximations for 
best farmers‘ yield (best yields attained in farmers‘ fields), i.e. yield levels that well-endowed 
farmers can achieve on their fields. 
 
Table 3.4: Average farmers‘ and on-farm trial yields at three representative sites in the CRV, Ethiopia 
(Nigussie et al., 2002; Howard et al., 2003; Abebe et al., 2005; Worku et al., 2012). 
Yield type Awassa Ziway Melkassa 
  Years Yield 
(Mg/ha) 
Years Yield 
(Mg/ha) 
Years Yield 
(Mg/ha) 
Average farmers‘ yield 1992-2000, 
2005-2007 
2.3 1997-2000, 
2005-2007 
2.0 1988-2007 2.1 
 
On-farm trial yield 
 
1992-2003 
 
5.2 
 
2002-2007 
 
3.8 
 
2001-2007 
 
3.1 
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3.3. Results 
3.3.1. Model calibration and evaluation 
Cultivar parameters of development and crop growth, which have been adjusted in the 
calibration procedure of DSSAT and WOFOST models, are presented in Tables 3.5 and 3.6, 
respectively. Model evaluation with the calibrated cultivar parameters provided good 
agreement between simulated and observed values of crop phenology and yield components 
(Table 3.7). Dates of anthesis were simulated with a deviation of 2 days (WOFOST) and 5 
days (DSSAT) for BH540 and no deviation with WOFOST and 1 day with DSSAT for 
Melkassa1. Dates of physiological maturity were simulated with a deviation of 1 day 
(DSSAT) and 3 days (WOFOST) for BH540 and 2 days (WOFOST) for Melkassa1. The 
good agreement between simulated and observed yield is also indicated by low values of the 
RMSE (0.69 Mg/ha for BH549, 0.47 Mg/ha for Melkassa1), a close-to-one index of 
agreement (0.95 for BH540, 0.93 for Melkassa1) and a high coefficient of determination 
(0.89 for BH540, 0.96 for Melkassa1) calculated for DSSAT (not shown here). Comparison 
of model simulated water-limited yield and on-farm trial yield for the period 1992-2003 (Fig. 
3.1) shows that in most cases, years with high simulated yields have also relatively high on-
farm trial yields. However, the simulated yields are generally higher than on-farm trial yields. 
The main reason is that on-farm trials used for the comparison were not absolutely free from 
the effects of yield reducing factors (e.g. pests, disease, weeds), whereas in model 
assumptions such factors are perfectly controlled and management is optimal.  
Table 3.5. Genetic coefficients of maize cultivars calibrated in DSSAT.  
Code Description BH540 Melkassa1 
P1 Thermal time from emergence to end of the juvenile phase, 
degree days 
220.1 101.5 
P2 Development delay for each hour increase in photoperiod 
above a maximum development rate, days 
0.86 0.75 
P5 Thermal time from silking to physiological maturity, 
degree days 
840.1 685 
G2 Maximum possible number of kernels per plant 266.2 375 
G3 Kernel optimum filling rate during the linear grain filling 
stage, mg/day 
10.65 11.65 
PHINT Phylochron interval: Thermal time  between successive leaf 
tip appearances, degree days  
38.9 40 
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Table 3.6. Cultivar parameters calibrated in WOFOST for the cultivars BH540 and Melkassa1. 
Code Description BH540 Melkassa1 
TSUM1 Temperature sums from emergence to anthesis (
o
C.d) 750 540 
TSUM2 Temperature sums from anthesis to maturity (
o
C.d) 710 570 
SPAN Life span of leaves (days) 30 30 
AMAXTB Maximum leaf CO2 assimilation rate (kg/ha/hr). 55 60 
EFFTB Light use efficiency  0.45 0.5 
KDIFTB Extinction coefficient for diffuse visible light 0.70 0.70 
LAIEM        Leaf area index at emergence 0.026 0.026 
RGRLAI     Maximum relative increase in LAI (ha/ha/day) 0.05 0.05 
DEPNR Drought sensitivity group 4.5 4.5 
 
Table 3.7. Results of model evaluation for phenology and grain yield simulations of cultivars BH540 
and Melkassa1. Observed values used for evaluation were experimental data of Awassa experimental 
station in 2009 (cultivar BH540) and Ziway in 2004 (cultivar Melkassa1). 
Site/Cultivar Phenology and yield characteristics Observed Simulated 
DSSAT WOFOST 
Awassa/BH540 
 
Days to anthesis (days) 69 62 71 
Days to maturity (days) 136 137 139 
Water-limited yield (Mg/ha) 6.3 7.4 7.0 
Potential yield (Mg/ha) 8-10 8.2 9.0 
Ziway/Melkassa1 
 
Days to anthesis (days) 52 51 52 
Days to maturity (days) 104 104 106 
Water-limited yield (Mg/ha) 5.9 6.5 5.8 
Potential yield (Mg/ha) 7.1 7.5 7.3 
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Fig. 3.1. Simulated water-limited vs. observed (on-farm trial) yields for a late maturing cultivar 
(BH540) at Awassa for the period 1992-2003. 
3.3.2. Analysis of yield levels, variability and gaps 
Potential yield  
The mean potential yield ranged between 8.2 and 9.2 Mg/ha for the late maturing cultivar and 
between 6.8 and 7.1 Mg/ha for the short duration cultivar (Table 3.8); the lower yields were 
simulated with DSSAT. The minimum potential yield of the early maturing cultivar during 
the simulation period was 5.8 Mg/ha (not shown here), while the maximum potential yield 
varied between 8.3 (DSSAT) and 10.1 Mg/ha (WOFOST). For the late maturing cultivar, the 
minimum potential yield varies between 6.9 Mg/ha (DSSAT) and 7.9 Mg/ha (WOFOST) 
while the maximum potential yield was 10.5 Mg/ha. The coefficient of variation of the 
simulated potential yield ranged between 7% (WOFOST) to 10% (DSSAT) for the late 
maturing and 9% (DSSAT) to 14% (WOFOST) for the early maturing cultivar. The different 
methods used to estimate the solar radiation in this study did not show large differences in 
simulated potential yield. The mean simulated potential yield at Ziway (1996-2007) was 9.1 
Mg/ha using radiation estimated with Angström equation and 9.5 Mg/ha using radiation 
estimated with Hargreaves equation which results in a difference of 4.2%. 
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Table 3.8. Mean potential yields (Mg/ha) of BH540 and Melkassa1 cultivars as simulated with 
DSSAT and WOFOST at three locations for the period 1984-2009. 
 
Site 
BH540 Melkassa1 
DSSAT WOFOST DSSAT WOFOST 
Awassa 8.2 9.8 6.9 8.2 
Melkassa 7.3 8.3 5.9 5.3 
Ziway 9.0 9.4 7.7 7.8 
Mean 8.2 9.2 6.8 7.1 
CV (%) 10 7 9 14 
 
Water-limited yield 
The two soil types (Andosol and Luvisol) do not show much difference in mean water-
limited yield since differences in water retention characteristics are small. Hence detailed 
results presented here are for one soil type (Andosol) only. For a late maturing cultivar, the 
average water-limited yield as simulated with DSSAT was 7.2 Mg/ha (Fig.3.2). The 
coefficient of variation for water-limited yield simulated with DSSAT ranges from 10 to 26% 
with an average value of 17%. The simulation with WOFOST indicates an average water-
limited yield of 7.9 Mg/ha. The coefficient of variation of water-limited yield simulated with 
WOFOST ranged between 19 and 28% with an average value of 23%. For the early maturing 
cultivar, DSSAT simulates an average water-limited yield of 6.7 Mg/ha. The coefficient of 
variation ranged between 9 to 16% with an average value of 15%. The mean water-limited 
yield simulated with WOFOST was 6.1 Mg/ha. The coefficient of variation ranged between 
22 to 35% with an average value of 28%. Generally, the mean water-limited yield simulated 
with DSSAT and WOFOST showed little difference, however, the inter-annual yield 
variability differed, i.e., CV 9-26% for DSSAT and CV 19-35% for WOFOST. 
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Fig. 3.2. Water-limited yield of a late maturing cultivar (BH540) and an early maturing cultivar 
(Melkassa1) as simulated with DSSAT and WOFOST models for the period 1984-2009 at three 
representative sites of the CRV on Andosol: (a) simulation with DSSAT for BH540, (b) simulation 
with WOFOST for BH540, (c) simulation with DSSAT for Melkassa1 and (d) simulation with 
WOFOST for Melkassa1. Boxes indicate the lower and upper quartiles. The solid line within the box 
is the median and the dotted line is the mean. Whiskers indicate the minimum and maximum values 
and dots outside the whiskers are outliers. 
Yield gaps 
The gap between simulated water-limited yield and average farmers‘ yield varied between 
4.7 and 6.0 Mg/ha (Table 3.9). On-farm trial yield yields were 2.0 to 3.8 Mg/ha lower than 
the simulated water-limited yields. The gap between on-farm trial yield and average farmers 
yield varied between 1.1 to 3.1 Mg/ha. In relative terms, actual yields were 28-30% of the 
water-limited yield and 44-65% of on-farm trial yields while the on-farm trial yields were 50-
73% of the water-limited yield. Time series analysis of observed yields at Melkassa for the 
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period 1988-2007 showed an inter-annual variability of 35% (Fig. 3.3) while the simulated 
yield for the corresponding period had a coefficient of variation of 15% (DSSAT) or 32% 
(WOFOST). 
Table 3.9. Yield gaps for rainfed maize at three sites in the CRV. The water-limited yield (Yw) is the 
average of 20 years (1990-2009) simulated with DSSAT and WOFOST models. The actual (Ya) and 
on-farm trial (Yb) yields are means for 6 to 12 recent years depending on data availability for each 
site (see Table 3.4 for the available dataset). 
  Awassa Melkassa Ziway 
Yield  (Mg/ha) 
   
Average farmers‘ (Ya) 2.4 2.0 2.0 
On-farm trial (Yb) 5.5 3.1 3.8 
Simulated water-limited (Yw) 
   
                               DSSAT 7.5 6.7 7.3 
                               WOFOST 8.4 6.8 7.6 
 
   
Yield gap (Mg/ha) 
Yw-Ya (using DSSAT for Yw) 5.1 4.7 5.3 
Yw-Ya (using WOFOST for Yw) 6.0 4.8 5.6 
Yw-Yb (using DSSAT for Yw) 2.0 3.6 3.5 
Yw-Yb ( using WOFOST for Yw)  2.9 3.7 3.8 
Yb-Ya 3.1 1.1 1.8 
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Fig. 3.3. Time series comparison of observed and simulated (water-limited) yield variability for an 
early maturing cultivar (Melkassa1) at Melkassa for the period 1988-2007. 
3.3.3. Correlation between climatic factors and yield variability 
The coefficient of variation of water-limited yield is higher than the coefficient of variation of 
potential yield showing the effect of rainfall variability on maize production. A correlation 
analysis between simulated water-limited yield and growing season minimum temperature, 
maximum temperature, solar radiation and rainfall had correlation coefficients (R) of -0.25,  -
0.54, -0.23 and 0.8, respectively, at Ziway (data not shown). Among the climate factors, 
growing season rainfall and maximum temperature showed significant correlation (P<0.05) 
with the water-limited yield. The growing season rainfall was clearly more variable (CV 
21%) than the maximum temperature (CV 2%) and hence, is the major source of risk in 
rainfed maize production in the CRV. Generally, the yield increased with increasing seasonal 
rainfall totals (Fig. 3.4). The lowest water-limited yield over the simulation period (1984-
2009) corresponded to years with lowest seasonal rainfall. Spatially, higher inter-annual 
variability of yields was associated with areas at lower altitudes (Ziway, 1640 m.a.s.l and 
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Melkassa,1550. m.a.s.l), which have lower annual rainfall and higher potential 
evapotranspiration than the area with intermediate altitude (Awassa, 1750 m.a.s.l). For 
instance, the yield variability for a late maturing cultivar was 16-18% at Awassa while it was 
26-27% at Ziway. 
Analysis for the water balance during the growing seasons indicates that the mean seasonal 
actual evapotranspiration (averaged across the three sites) simulated with DSSAT ranged 
between 480-610 mm while with WOFOST it ranged between 460-580 mm. An example of 
water balance components of both models is presented in Table 3.10 for Ziway. The 
correlation coefficient (R) between yield and evapotranspiration was 0.5 (DSSAT) to 0.7 
(WOFOST) at Awassa (Fig. 3. 5) and is significant (p<0.05), while the correlation coefficient 
was 0.8 for both DSSAT and WOFOST at Ziway which is highly significant (p<0.01).  
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Fig. 3.4. Simulated water-limited yield versus growing season rainfall for a late maturing cultivar 
(BH540): (a) simulation with DSSAT at Awassa, (b) simulation with WOFOST at Awassa, (c) 
simulation with DSSAT at Ziway (d) simulation with WOFOST at Ziway. 
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Fig. 3.5. Simulated water-limited yield versus growing season evapotranspiration for a late maturing 
cultivar (BH540): (a) simulation with DSSAT at Awassa, (b) simulation with WOFOST at Awassa, 
(c) simulation with DSSAT at Ziway and (d) simulation with WOFOST at Ziway. 
Table 3.10. Water balance parameters as simulated with DSSAT and WOFOST for the growing 
season of maize (1984-2009) at Ziway. 
Parameters DSSAT WOFOST 
Transpiration  (mm) 380 285 
Soil evaporation (mm) 172 177 
Runoff (mm) 25 32 
Deep drainage (mm) 14 48 
Rainfall (mm) 540 540 
Soil water depletion (mm)* 51 2 
 
*Soil water depletion refers to the difference in water content of the soil between the beginning and end of the 
growing season 
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(d) Ziway (WOFOST)
Year
1985 1990 1995 2000 2005 2010
G
ra
in
 y
ie
ld
 (
M
g
/h
a
)
0
2
4
6
8
10
12
E
v
a
p
o
tr
a
n
s
p
ir
a
ti
o
n
 (
m
m
)
200
300
400
500
600
700
800
Simulated yield 
Evapotranspiration
(a) Awassa (DSSAT)
Year
1985 1990 1995 2000 2005 2010
G
ra
in
 y
ie
ld
 (
M
g
/h
a
)
0
2
4
6
8
10
12
E
v
a
p
o
tr
a
n
s
p
ir
a
ti
o
n
 (
m
m
)
400
500
600
700
800
Simulated yield 
 Evapotranspiration 
Year
 
Climate-induced yield variability 
63 
 
3.4. Discussion 
3.4.1. Model calibration, evaluation and application 
The results of model calibration and evaluation showed that WOFOST and DSSAT models 
simulated grain yield and phenological development of maize reasonably well. However, 
long- term simulations indicate that the two models differ in capturing yield variability. The 
inter-annual variability of simulated yield is higher for WOFOST than DSSAT. Differences 
in simulated yields between WOFOST and DSSAT were 0.4-1.6 and 0.4-1.0 Mg/ha for 
potential yield and water-limited yield, respectively. These differences are substantial, even 
though they are relatively small compared to the large yield gaps in CRV. In line with our 
findings, other crop simulation studies reported differences between multi-model results 
(Eitzinger et al., 2004; Kersebaum et al., 2007; Palosuo et al., 2011; Rötter et al., 2012a). 
In our study, one difference between the two models was that evapotranspiration was 
calculated using the Priestley-Taylor approach (Tsuji et al., 1998) in  DSSAT, while 
WOFOST uses the Penman method (Van Diepen et al., 1989). The Priestley-Tailor estimates 
the reference-evapotranspiration from the solar radiation and temperature, whereas the 
Penman approach considers both radiation terms (solar radiation and temperature) and 
aerodynamic terms (wind speed and vapor deficit). Studies using these approaches indicate 
that WOFOST sometimes overestimates the effect of crop water stress reducing transpiration 
and crop growth (Supit et al., 2010), whereas DSSAT may overestimate evapotranspiration 
(De Jonge et al., 2012). Thus, the two models may consequently show differences in water 
use and transpiration simulations.  
Another cause of divergences might be the different ways in which soil water uptake is 
simulated over the soil profile, whereby the differentiation in soil properties and layers is 
much simpler in WOFOST than in DSSAT. Details of the various approaches of water uptake 
in crop growth models can be found in Van den Berg and Driessen (2002), Van den Berg et 
al. (2002) and Eitzinger et al. (2004). DSSAT simulates the soil water balance for each soil 
layer with its specific soil water uptake relations, whereas WOFOST considers homogenous 
soil texture of the whole soil profile. In models that perform calculations considering 
homogeneous soil layers, water is assumed to be distributed over the entire rooting zone, 
whereas in reality, it is concentrated in the surface layer, where it is readily available. This 
approach seems less suited for applications in areas with variable rainfall distribution (Van 
den Berg et al., 2002). Furthermore, water uptake in WOFOST does not depend on rooting 
Chapter 3 
64 
 
density but only on actual rooting depth and available soil water, whereas root density is 
important in DSSAT simulations. The two models also differ in the mechanisms of 
controlling the termination of root elongation, i.e., in WOFOST root growth terminates at 
anthesis whereas in DSSAT, it continues until maturity. 
The different approaches in modelling the soil water balance dynamics cause the simulated 
differences in soil water depletion (changes in soil water content between the beginning and 
end of the growing season) and transpiration, and contribute consequently to differences in 
simulated crop yield variability. In addition to the differences in simulating water balance 
dynamics, DSSAT uses the relatively simple radiation use efficiency approach to model net 
photosynthesis (Tsuji et al., 1998; Palosuo et al., 2011), while WOFOST uses a more detailed 
approach for describing photosynthesis and respiration (Palosuo et al., 2011). The differences 
in simulating yields are related to different approaches used by the two models in describing 
the crop growth dynamics. Thus, a multi-model crop simulation approach is necessary to be 
able to quantify some of the uncertainties in such studies. Multiple model simulation enables 
to better represent uncertainty in model structure, parameters and input data as discussed, for 
instance, by Clemente et al. (2005), Tebaldi and Knutti (2007), Challinor et al. (2009c), 
Palosuo et al. (2011), Rötter et al. (2011a) and  Asseng et al. (2013). 
One of the limitations of this study was that the models have been calibrated and evaluated 
with a limited set of information. For instance, in-season measurements of crop growth 
parameters were not available. Furthermore, the nutrient management of the experimental 
data used for model calibration was based on local recommendation rates and it may have 
resulted in nutrient-limited conditions, while this was not assumed in the model 
configurations. We can thus not rule out the possibility that we have underestimated the yield 
potentials and thus underestimated yield gaps. 
3.4.2. Yield levels and gaps 
The simulated potential yield with both models is in good agreement with the highest yields 
of the cultivars reported from field experiments in the study areas. For instance, Worku et al. 
(2012) reported that potential yield of maize cultivar BH540 is about 9-10 Mg/ha and Biazin 
and Stroosnijder (2012) reported 8.5 Mg/ha. In our study, actual farmers‘ yields were 28-30% 
of simulated water-limited yield and 44-65% of on-farm trial yields. This result is consistent 
with similar studies in Sub-Saharan Africa. For instance, Tittonell et al. (2008) reported that 
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the average farmers‘ yield of maize in Kenya was 25% of the water-limited yield potential. 
Rötter (1993) and Rötter and Dreiser (1994) found for several sites in semi-arid to sub-humid 
climatic zones of the Kenyan Rift Valley that maize yields at moderate levels of N and P 
fertilizer application (e.g. 50 kg N/ha and 22 kg P/ha) reached 40-60% of water-limited 
yields. Clearly such yield gaps are very significant and much larger than in high-input 
agricultural systems. Existing gaps between water-limited and farmers‘ yields indicate that 
recommended production technologies (e.g. NPK fertilizer) are hardly adopted at farmers‘ 
fields. This can also be clearly noticed from the existing gaps between on-farm trial and 
farmers‘ actual yields. The on-farm trails were conducted with farmers‘ management with 
supply of required inputs and extension advisory services, which suggest that improving 
access to agricultural inputs (fertilizer) and increasing resource use efficiency through agro-
advisory services, could increase yield and consequently narrow yield gaps. Farmers in 
Ethiopia, as in many parts of Africa and some parts of Asia, generally, apply lower rates of 
fertilizer than the recommended amount. Soil nutrient balances are in many cases negative 
(Abegaz and van Keulen, 2009). The average fertilizer rate used by Ethiopian farmers is 21 
kg N/ha (Spielman et al., 2011) which is much lower than the national recommendation rates 
of 60-100 kg N/ha (Debelle et al., 2001) and that in other parts of the world, e.g. 100 kg /ha 
in South Asia, and >200 kg/ha in Western Europe and North America (Potter et al., 2010). 
Detailed analysis of socio-economic factors that determine agricultural technology adoption 
in Ethiopia is beyond the scope of this study, but Spielman et al. (2011) indicated that high 
cost of inputs and insufficient credit services are among the most critical constraints to 
farmers to adopt the available seed-fertilizer technology packages, which is a widespread 
problem in Africa (Tittonell and Giller, 2013). The existing yield gaps indicate that maize 
productivity is currently far below what would be possible with good management in the 
CRV of Ethiopia. Exploiting the gaps between yields achieved currently on farmers‘ fields 
and those that can be achieved by using improved technologies, including climate risk 
management strategies, is a key pathway to feed the increasing population at local, regional 
and global scales (Cassman, 1999). 
 
3.4.3. Climate-induced yield variability 
Climate variability, particularly variable rainfall, is the main cause for inter-annual variability 
of rainfed maize production in the CRV. In this respect, the CRV is representative for very 
large portions of the semi-arid lands of Eastern Africa, especially the rift valley regions (e.g. 
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Rötter and Van Keulen, 1997; Cooper et al., 2008). Details of climate variability and change 
in the CRV have been discussed in Kassie et al. (2013). Our analysis indicates that the 
growing season rainfall amount explains about 60% of the variation in maize yields in Ziway. 
Other studies (e.g. Hellmuth et al., 2007; Dixit et al., 2011; Müller et al., 2011) confirm that 
climate-induced risks, and in particular rainfall-related risks, are the most important causes 
for uncertainty in crop production in most regions of Sub-Saharan Africa. 
Rainfall variability affects crop yields not only by its direct impact on water availability but 
also indirectly through limiting the application of agricultural inputs (e.g. fertilizer). For that 
reason, already in the 1980s, scientists designed risk management strategies that represent 
adaptive management options based on rainfall criteria, i.e. empirical rules such as those 
related to the onset of the rainy season. For instance, the earlier the onset, the higher the 
probability of a favorable season as identified for ―response farming‖ in East Africa (Stewart 
and Faught, 1984; Stewart, 1988). According to Keating et al. (1993), this practice, when 
applied to adapting nitrogen fertilization at Katumani (Kenya) did not much increase the 
average gross margin at farm level, but significantly decreased the risk of financial loss in 
poor rainfall years. Obviously, however, the practice of response farming has not yet been 
widely applied. 
As many authors (e.g. Fufa and Hassan, 2006; Gebremedhin et al., 2009; Alem et al., 2010) 
have reported over the last decades, the agricultural extension program of Ethiopia has 
promoted fertilizer use, but its success in increasing agricultural productivity has been 
constrained mainly by uncertain rainfall patterns, as had been found in an early study on 
assessing risks and opportunities for smallholders of applying fertilizer to maize in similar 
environments in Kenya (Rötter and Dreiser, 1994; Rötter and Van Keulen, 1997). The low 
fertilizer inputs and rainfall variability result in yields being constantly low. Of course, low 
yield response to fertilizer can also be explained with poor agricultural extension and weak 
agro-meteorological services. Adaptation to the increasing climate variability is now 
imperative to sustain crop production in the CRV. Climate-proof strategies including better 
seasonal climate forecasts (Hansen et al., 2011), improved cultivars and efficient rain-water 
management are critical for improving rainfed agriculture. 
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3.5. Conclusion 
The study showed that gaps between water-limited yield and actual yields are large and yield 
variability is high in the Central Rift Valley of Ethiopia. Growing season rainfall variability is 
the main cause of yield variability and production uncertainty. Comparisons of simulated 
potential and water-limited yields indicate that there is some scope to increase yields with 
improving water supply. Actual farmers‘ yields are only 27-30% of the water-limited. The 
large gaps between simulated water-limited and farmers‘ yield levels indicate a large 
potential to increase yields with improved agricultural inputs, especially nitrogen fertilizer, in 
conjunction with various climate risk management strategies (e.g. effective weather forecast 
service, response farming, efficient rain-water management). There is a need to invest in 
technology transfer and institutional arrangements for improving access to ―best‖ agricultural 
practices as for instance practiced in the on-farm trials that yielded on average 44-65% of the 
water-limited yield. 
This study also demonstrated the use of crop simulation modelling in characterizing yield 
variability and climate risks, which is not yet a common research tool in Ethiopia. It also 
showed how the use of more than one model provides some insight in uncertainty of model 
simulations.  
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Abstract 
Smallholder farmers in Ethiopia are facing several climate related hazards, in particular highly 
variable rainfall with severe droughts which can have devastating effects on their livelihoods. 
Projected changes in climate are expected to aggravate the existing challenges. This study examines 
farmer perceptions on current climate variability and long-term changes, current adaptive strategies 
and potential barriers for successful further adaptation in two case study regions - the Central Rift 
Valley and Kobo Valley. The study was based on a household questionnaire, interviews with key 
stakeholders and focus group discussions. 
The result revealed that about 99% of the respondents at the Central Rift Valley (CRV) and 96% at 
the Kobo Valley perceived an increase in temperature and 94% at CRV and 91% at the Kobo Valley 
perceived a decrease in rainfall over the last 20-30 years. Inter-annual and intra-seasonal rainfall 
variability also has increased according to the farmers. The observed climate data (1977-2009) also 
showed an increasing trend in temperature and high inter-annual and intra-seasonal rainfall variability. 
In contrast to farmers‘ perceptions of a decrease in rainfall totals, observed rainfall data showed no 
statistically significant decline. The interaction among various bio-physical and socio-economic 
factors, changes in rainfall intensity and reduced water available to crops due to increased hot spells, 
may have influenced the perception of farmers with respect to rainfall trends. 
In recent decades, farmers in both the CRV and Kobo have changed farming practices to adapt to 
perceived climate change and variability, for example, through crop and variety choice, adjustment of 
cropping calendar, and in-situ moisture conservation. These relatively low-cost changes in farm 
practices were within the limited adaptation capacity of farmers, which may be insufficient to deal 
with the impacts of future climate change. Anticipated climate change is expected to impose new risks 
outside the range of current experiences. To enable farmers to adapt to these impacts critical 
technological, institutional and market-access constraints need to be removed. Inconsistencies 
between farmers‘ perceptions and observed climate trends (e.g. decrease in annual rainfall) could lead 
to sub-optimal or counterproductive adaptations and therefore must be removed by better 
communication and capacity building, for example through Climate Field Schools. Enabling 
strategies, which are among others targeted at agricultural inputs, credit supply, market access, and 
strengthening of local knowledge and information services need to become integral part of 
government policies to assist farmers to adapt to the impacts of current and future climate change. 
 
Key words:  farm households, adaptation strategies, perceptions, Central Rift Valley, Kobo Valley   
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4.1. Introduction 
Africa is vulnerable to climate change due to its dependence on rainfed agriculture (Boko et 
al., 2007; Bryan et al., 2009; Glantz et al., 2009; Below et al., 2010; Kahiluoto et al., 2012). 
Smallholder farmers are particularly vulnerable to changes that negatively affect their climate 
dependent livelihoods (Nhemachena and Hassan, 2007; Ngigi, 2009 ; Thornton et al., 2010). 
Various studies indicate that smallholder farming is affected by current climate variability 
and will be further threatened by on-going climate change. (Thomas, 2005; Boko et al., 2007; 
Thomas et al., 2007; Cooper et al., 2008; Conway and Schipper, 2011; Müller et al., 2011). 
With a business-as-usual development, crop production might be marginalized in various 
parts of Sub-Saharan Africa (Jones and Thornton, 2009). According to the IPCC reports 
(IPCC, 2007),  rainfed crop yields will decline by 10-20% by 2050 and crop revenues could 
fall by 90% by 2100. However, food production needs to be significantly increased to feed an  
increasing population (Thornton et al., 2011). 
Like most African countries, Ethiopia heavily depends on agriculture, which contributes 
about 50% to the national GDP, supplies 73% of the raw materials to agro-industries and 
generates 88% of the export earnings (Deressa and Hassan, 2009). Ethiopian agriculture is 
characterized by a low use of external inputs and it is highly vulnerable to climate variability 
and change (Bryan et al., 2009; Conway and Schipper, 2011; Demeke et al., 2011; Bewket, 
2012; Funk et al., 2012). Extreme weather events have resulted in food shortages and famines 
in the past (Mersha and Boken, 2005; Cheung et al., 2008; Conway and Schipper, 2011; Gray 
and Mueller, 2012) and they continue to pose a serious threat to Ethiopia‘s development 
(FAO, 2007). Smallholder farmers who depend on agriculture for their livelihoods need to 
improve their management of current climate variability, which is a prerequisite for adapting 
to future climate change (Rötter and Van Keulen, 1997; Müller et al., 2011). An essential step 
in improving and recommending appropriate adaptation strategies is to assess the available 
practices currently adopted by farm households in their efforts to address climate induced 
risks. Depending on their long-term experiences and subjective assessments of risks, farm 
households continuously develop adaptive strategies to environmental and socio-economic 
changes as part of their production and consumption decisions (Thornton et al., 2010; 
Tittonell et al., 2010). However, anticipated climate change often goes beyond existing 
adaptation capabilities and will impose additional stress on agricultural systems. To enable 
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farm households to adapt to these changes, new adequate adaptation options need to be 
identified while taking into account and building on current strategies.  
A better understanding of farmers‘ perceptions of current climate variability and expected 
climate change  as well as of local practices in response to the current climate variability is 
important for policy makers to shape conditions for future adaptation (Nhemachena and 
Hassan, 2007; Bryan et al., 2009; Eriksen and Lind, 2009). Farm households are better able to 
adopt new technologies and practices when these fit in the context of existing practices. 
Future intervention need to be based on assessment of farmers´ adaptive resources towards 
integrating local practices with scientific innovations (Kandji et al., 2006; Thornton et al., 
2011). Despite its important role in agriculture and food security, climate change and 
adaptation has not yet been mainstreamed in the national research system and development 
efforts, and local adaptive responses to climate variability and change are not well 
documented in Ethiopia (Bewket, 2012). The main objectives of the study were therefore to 
assess perceptions of farm households on current climate variability and change, to identify 
and characterize current adaptive strategies of farmers, and to investigate barriers to 
implementing promising new adaptation measures. Furthermore, it compares farmers‘ 
perceptions and observed climate trends and discusses implications in addressing climate risk 
management. The study in general, draws insights from two contrasting case regions, both 
important for food security in Ethiopia and identifies lessons which could be relevant for 
mainstreaming of climate change adaptation at local, regional and global efforts. 
4.2. Material and Methods 
4.2.1. Descriptions of the study areas 
The study was conducted in Adamitulu Jido Kombolcha and Dugda districts, hereafter called 
Central Rift Valley (CRV) in central Ethiopia, and Kobo Valley in northern Ethiopia (Table 
4.1). The two districts in the CRV are situated 150 km south of Addis Ababa. The two 
bordering districts cover together approximately 273,500 ha and are situated at an altitude of 
1500-2300 meters above sea level (m.a.s.l). Kobo Valley lies some 600 km north of the 
capital Addis Ababa, at the western-most range of the great escarpment of the Ethiopian Rift 
Valley. It is surrounded with mountains on the east and west, some over 3000 m high, 
whereas the valley itself, where this case study was conducted, is at 1300-1500 m.a.s.l. The 
total catchment area of Kobo valley is about 250,000 hectares.  
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The two case study regions represent small scale, mainly cereal-based mixed farming systems 
with relatively contrasting potentials and farming experiences. Kobo is food insecure with a 
long agricultural tradition (about 4000 years) but a low agricultural potential (Georgis et al., 
2004). Increased population in recent decades has resulted in deforestation and degradation, 
and the cultivation of marginal hill side areas. The predominant rainfed agriculture with low 
external inputs is frequently unable to allow for local food security. Kobo is part of the area 
that was most affected during the 1983-84 famines and it faces food shortages almost once 
every three years (Bewket, 2008). It has poor access to markets with the closest urban center 
(Dessie) about 170 km away. The CRV districts, on the other hand, were dominated by 
pastoralists which during the past 20-30 years mostly became mixed farmers (Garedew, 
2010; Kahiluoto et al., 2012). In relative terms, the CRV is a high potential area for 
agricultural production with soils of shorter cultivation history and less degradation, access to 
the fresh water Lake Ziway and better access to markets (Awassa and Adama within 50 km 
and Addis Ababa within 150 km). During the last decade, these favorable conditions have 
attracted various horticulture and floriculture enterprises, increasing the  competition for 
scarce land and water resources and the environmental risks (Jansen et al., 2007).  
 
Based on annual rainfall distribution, both study areas are characterized by a bi-modal rainfall 
pattern with a short rainy season, locally known as belg (March-May) and main rainy season, 
locally known as kiremt (June-September). Major crops (teff, maize, wheat, sorghum) are 
produced during the kiremt season. In recent decades, delayed onset and erratic distribution 
of belg rain frequently provided unfavorable conditions for crop production. Whenever the 
belg season gets adequate rain, short maturing cultivars of maize and teff in the CRV and 
sorghum in Kobo are produced. 
4.2.2. Data collection and analysis 
The study was based on interviews with key stakeholders, household surveys and focus group 
discussions. The household surveys were conducted in three villages in the CRV and two 
villages in the Kobo Valley from September to December 2010. The villages were selected 
based on discussions with experts and local development agents considering their 
vulnerability to climate risks such as recurrent drought, erratic rainfall, limited infrastructure 
and representativeness of cereal-based farming systems.  
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Table 4.1. Bio-physical and socio-economic characteristics of the study areas. 
Characteristics CRV Kobo 
Biophysical characteristics   
Altitude 1500-2300 1300-4000 
Annual mean temperature  (
o
C) 20.0-22.5 21.5-23.0 
Annual mean rainfall (mm) 650-1000 600-850 
Dominant soil types (FAO) Andosols Eutric vertisols 
Topography Plain land with small mountains Undulated to plain 
Socio-economic 
characteristics 
  
Total population 286,300 203,321 
Population density (km
-2
) 136.8 127.6 
Household size 5.4 5.7 
Farm size (ha) 0.75-2.5 0.5-1 
Production activities   
Farming system Cereal-based mixed farming Cereal-based 
mixed farming 
Major food crops Maize, teff, wheat Sorghum, teff 
Major cash crops Haricot bean, teff, onions, tomato teff 
Livestock Cattle, sheep Cattle, goat, camel 
 
A list of farm households was obtained from the agricultural district office and a total of 120 
farmers in the CRV and 80 in Kobo were selected randomly from this list. The surveyed farm 
households varied in age, education level and land holding (Table 4.2). Both open and closed 
questions were interviewed with a semi-structured questionnaire (available from the 
corresponding author). Respondents were asked (i) to provide baseline information 
(household age, education level, land size, major crops and livestock); (ii) to list and 
prioritize major constraints to crop production; (iii) whether they had experienced any change 
in climate conditions of their local areas over the past 20-30 years. If respondents had 
experienced any change, they were asked subsequent questions to state the observed changes, 
causes and effects; (iv) to identify the various adaptive responses to the observed changes and 
effects; (v) to list future adaptation options needed and (vi) to identify any barriers for 
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successful adaptation. Responses from the questionnaires were compiled and analyzed using 
the SPSS version 16 statistical analysis package (SPSS Inc., 2007). Five focus group 
discussions with a total of 53 farmers and 17 extension experts and development agents were 
also conducted to cross check the information obtained from the household survey and 
pinpoint perceptions, major risks and responses with particular emphasis on future needs and 
barriers for successful adaptation. The discussions were conducted first with the farmers and 
then with the extension experts and development agents. In addition to quantitative 
descriptive statistics, qualitative information in the form of narrative experiences and 
observations are provided in text boxes (Section 4.3).  
Farmers‘ perceptions of climate change and variability were compared with climate records 
provided by the National Meteorological Agency of Ethiopia. Daily rainfall and temperature 
data was analysed to quantify variability and trends for the period 1977-2009 for two selected 
meteorological stations in the study areas, i.e., Ziway and Kobo. Ziway station is located at 
7
056‘ latitude and 380 29‘ longitudes at an elevation of 1640 m.a.s.l in the CRV, whereas the 
station in the Kobo Valley is located at 12
009‘ latitude and 39054‘longitude at an altitude of 
1470 m.a.s.l. Rainfall variability was expressed for both stations by the coefficient of 
variation (CV) in a given period. Inter-annual variability was evaluated using standardized 
anomalies for rainfall with respect to the long-term average values. Linear regressions were 
established for temperature and rainfall trends. 
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Table 4.2. Characteristics of the surveyed households at the Central Rift Valley (CRV) and Kobo, 
Ethiopia. The total number of surveyed households for the analysis in this and the other tables was 
120 at CRV and 80 at Kobo. 
Characteristics CRV Kobo 
 % % 
Age    
         20-30 23 13 
         31-60 73 79 
  >60 4 8 
Educational level   
No education 18 54 
Primary education 71 44 
Secondary education 6 1 
Post-secondary education 5 1 
Household size   
               0-3   members 26 13 
               4-6   members 38 56 
              > 6  .members 36 31 
Landholding   
              < 1  hectare 13 57 
               1-2 hectare 52 38 
  > 2  hectares 35 5 
 
4.3. Results 
4.3.1. Perceptions on climate variability and change                       
About 99% of the respondents in the CRV and 96% in Kobo perceived an increase in 
temperature and 94% in the CRV and 91% in Kobo perceived a decrease in main season 
(Kiremt) rainfall amount over the last 20 years (Fig. 4.1). In their opinion, rainfall distribution 
has changed as well: delayed starting dates and reduced number of rainy days in the main 
(June-September) rainfall season and increased heat waves were mentioned as the key 
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characteristics of these changes. Both inter-annual and intra-seasonal rainfall variability have 
increased according to the respondents. All respondents in the CRV and 94% in Kobo stated 
that the rainfall has become more erratic and the frequency of drought has increased. 
According to farmers‘ views, 20 years ago drought occurred once in every 7 to 10 years but 
they think that droughts occur now every 3 to 4 years. Most of the respondents faced 
declining crop productivity, which they related to the decreasing and more erratic rainfall 
conditions. All respondents indicated that both in the CRV and Kobo, the short season (Belg) 
rains are no longer reliable for crop production due to decline in rainfall over the past two 
decades. Narratives from two respondents representing general perceptions of climate change 
are given in Box 4.1. Most of the respondents related changes in climate with deforestation.  
Particularly households in the CRV remembered that their region was covered with dense 
acacia forest, of which many have been cleared for crop cultivation resulting in ―Ye Ayer 
Mezabat‖, meaning climate change. Few respondents (6%) associated the changes in climate 
with a natural phenomenon, which is only known by their God (data not shown here).  
4.3.2. Comparing climate analysis with farmers’ perceptions  
Rainfall variability  
In both study areas, rainfall showed high inter-annual and intra-seasonal variability (Fig. 4.2). 
The short season rainfall (March-May) at Ziway station in the CRV varied between 65 and 
488 mm (CV=43%) and the main season rainfall (June-September) varied between 420 and 
680 mm (CV= 24%). For the short rainy season, 45% of the years during the period 1977-
2009 showed negative rainfall anomalies relative to the long term average. The main rainy 
season showed negative rainfall anomalies for 48% of the years. Annual and seasonal rainfall 
at Ziway generally exhibited a slight decline over the period 1977-2009 but there is no 
statistically significant trend. For Kobo station, the short season rainfall ranges between 16 
and 319 mm (CV= 53%) and the main season rainfall varies between 117 and 693 mm (CV= 
31%). About 48% of the years over the period 1977-2009 showed negative rainfall anomalies 
for the short rainy season and 58% exhibited negative rainfall anomalies for the main rainy 
season relative to the long term average. However, also for Kobo the rainfall trends are not 
statistically significant. 
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Fig. 4.1. Farm households‘ perceptions on climate variability and change: (a) temperature (b) rainfall 
trends and (c) long-term rainfall variability (based on interviews with 120 farmers in CRV and 80 in 
Kobo Valley, Ethiopia).  
Temperature changes 
Statistical analysis of temperature records of Ziway (CRV) and Kobo stations for the period 
1977-2009 showed significant (P < 0.05) increasing trends (Fig. 4.3). For Ziway station, the 
daily minimum and maximum temperatures of the short rainy season increased with 0.6 and 
1.2 °C per decade, respectively. Daily minimum and maximum temperatures for the main 
rainy season at Ziway increased with 0.7 and 0.9 °C per decade, respectively. The number of 
days with daily maximum temperature exceeding 32 °C (heat waves) increased significantly 
(P< 0.05) over the period 1977-2009 (not shown here). For Kobo station, the short rainy 
season daily minimum and maximum temperatures has increased with 0.4 and 0.9 °C per 
decade, respectively.   
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Box 4.1. Narratives of farmers‘ perceptions on climate variability and change to exemplify 
respondents‘ way of understanding a changing climate and associated risks (household survey, 2010) 
A 62 year old farmer from Kobo presented his perception of climate variability and change as “Just 
20 years ago, I used to cultivate “Degalit” (long duration sorghum variety) year to year and the crop 
harvest was much higher (about 80 “Kishkish” which is equivalent to 4 tons per hectare). In recent 
years, however, I am not able to plant “Degalit” because the rain starts too late. In previous years, 
the rain used to start around the mid of May to early June and continued till the end of October but 
recently it starts late (usually mid of July) and ends early (early September or sometimes mid of 
August). Season breaks and dry spells are frequent. Furthermore, in the past, the amount of rainfall 
per rainy day was not too much or too little but recently, it looks as if  “it gets angry at something”, 
i.e. higher rainfall intensity over shorter periods. In the past, the planting dates were on time and 
almost consistent year to year but recently we follow the approach of “Ende-Tale Zira” which means 
sow whenever it rains. The day time temperature is soaring. Crops face severe moisture stress 
starting from the early development stages and yield is usually low. Livestock is extremely affected by 
frequent droughts. I lost five cattle in the 2002/2003 drought, which was as severe as in 1984 and two 
cattle in the 2009 drought” 
A 57 year old farmer at CRV mentioned his perception of climate change: “Thirty years ago, I used to 
live in Asab (Hottest arid place in Eretria, formerly part of Ethiopian administrative region) and that 
place is too hot to live. But in recent years, our local area (CRV) is also becoming hotter and hotter. I 
am afraid it is going to be as hot as at Asab. In the past, the rainy season was on time, and once the 
rainy season started it extended to October. But in recent years, the rainy season starts late and is 
short. Previously, the CRV was an agro-pastoral area and we had large herds but recently the 
livestock population has been reduced as a consequence of frequent droughts. For example, I had 
forty animals but now I have only five. Crop yields have been reduced. We did not know food aid but 
now many households appeal for food aid.  
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Fig. 4.2. Seasonal rainfall deviations from the long term mean (anomalies) over the period 1977-
2009 at Ziway and Kobo weather stations, Ethiopia 
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(b) Main season rainfall at Ziway
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(a) Temperature of the short growing season at Ziway
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(b) Temeprature of the main growing  season at Ziway
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Trend(c) Temeprature of the short growing season at Kobo
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(d) Temperature for the main growing season at Kobo
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Fig. 4.3. Trends of growing season minimum (Tmin) and maximum (Tmax) temperatures observed 
over the period 1977-2009 at Ziway and Kobo weather stations, Ethiopia. 
4.3.3. Perceived effects of climate variability and change 
Table 4.3 presents bio-physical and socio-economic effects associated with climate 
variability and change. Farmers mentioned various aspects of climate induced effects such as 
decline in agricultural productivity and consequently increased food insecurity. A more 
quantitative analysis on perceived effects showed that reduction in crop yield and in some 
years loss of an entire crop was the most prevalent effect mentioned by all the respondents 
(Table 4.4). Almost all respondents in the CRV and Kobo stated that the traditional long 
duration, high yielding maize, teff  and sorghum varieties cannot be grown any longer 
because of the changes in climate conditions. Most respondents (89% in the CRV and 91% in 
Kobo) indicated that pest and disease prevalence has increased in recent years associated with 
the changes in climatic conditions (Table 4.4). Respondents from Kobo mentioned that pests 
such as stalk borer on sorghum and shoot fly on teff are associated with low rainfall and high 
temperature, causing serious yield reductions. 
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Table 4.3. Effects of climate variability and change on agricultural production and resources as 
perceived by farm households (focus group discussions, 2010). 
Attributes of climate  Perceived impacts Cases mentioned 
Increased temperature Increased heat stress  for crops and 
livestock, increasing 
evapotranspiration, increased pest and 
disease incidences 
Increased occurrence of  crop pests 
such as stalk borer on sorghum and 
shoot fly on teff , increased crop failure 
Decreased rainfall Decline of fresh  surface water 
resources 
Inadequate moisture for crops 
Shortage of water for domestic and 
livestock use 
Drying up of lakes and rivers ( e.g. 
Lake Abijata  in the CRV), River flows 
have reduced, some perennial 
rivers/streams have become ephemeral 
rivers/streams (e.g. Golina river in 
Kobo), local springs dried out 
Total break of the 
short rainy season and 
discontinuity of main 
rainy season. 
Rainfed agriculture impossible 
Total/partial  crop failure 
Failure of sorghum and maize crops in 
2003 and 2009 cropping seasons 
Increased rainfall 
intensity 
Increased soil erosion and sediment 
load in rivers and runoff flash flood 
Accelerated surface runoff 
Damage to crops 
Flood and sediment from hill sides of 
Kobo caused damage on downstream 
crop land (once every 2-3 years during 
the main rainy season) 
Overflow of Awash and Meki rivers in 
the CRV due to heavy rainfall event in 
2005 damaged 814 hectare of farmland 
and displaced 7,000 households 
Delayed onset and 
early set of the rainy 
season 
Dry spells during 
growing season 
Change in cropping calendar , reduced 
length of growing period, loss of crop 
diversity 
Reduced crop yield, low response to 
agricultural inputs (fertilizer) 
High yielding, long duration crop 
varieties cannot be grown successfully 
(e.g.  Degalit,  long duration sorghum 
variety is not used any more) 
Erratic rainfall 
distribution  
Difficult to use recommended 
agricultural practices  
Water stress at critical crop growth 
stages 
 
Rain out of season Damage to crops 
Delay in harvesting time 
Unexpected rain in 
November/December caused damage 
to crops at maturity and delay in 
harvesting 
Increasing drought 
events 
Damage on resource base ( crops, 
water, livestock) 
Increasing food insecurity 
Number of households appealing for 
food aid increases. 
Farmers’ adaptation practices 
83 
 
Farmers indicated that in unfavorable low rainfall seasons, agricultural inputs do not lead to 
yield gains due to the effect of moisture stress. For low rainfall seasons, they estimated maize 
productivity to be ca. 1.2 Mg/ha in Kobo and 0.6 Mg/ha in the CRV, but for favorable rainfall 
seasons they assessed yields to be about 2.7 Mg/ha in Kobo and 2.2 Mg/ha
 
in the CRV (Fig. 
4.4). It is remarkable that despite the fact that Kobo is less suitable for crop production in 
terms of annual rainfall, farmers perceived higher yields than in the CRV, both under 
favorable and unfavorable rainfall conditions. We have no time series yield data to 
substantiate the difference. 
Table 4.4. Quantitative perceived effects of climate variability and change on agricultural production 
and management by farmers in the CRV and Kobo (based on household survey, 2010). 
Observed effects CRV 
% response (N=120) 
Kobo 
% response (N=80) 
Reduced crop yield 100 100 
Partial or total crop failure 96 94 
Shortened length of the growing season 98 97 
Shift in cropping calendar (delayed planting 
date) 
98 99 
Change in crop varieties 91 95 
Increased pest and disease prevalence 89 91 
Soil erosion 51 85 
Land use/land cover change 28 61 
Shortage of feed for livestock 98 100 
Reduced livestock 96 90 
 
Farmers indicated that climate risks affect livestock feed availability as well. In the CRV, 
elderly respondents stated that their herds were considerably larger 20 years ago but reduced 
significantly in recent years (box 1). They called this change a ―forced reduction of livestock‖ 
and mainly attributed it to ―Ye Ayer Mezabat‖ (climate change). Declined water resources and 
increased soil erosion were also mentioned as environmental problems being aggravated by 
increasing temperature and changing rainfall patterns. About 96% of the respondents in the 
CRV and 71% in Kobo witnessed a decline of springs and lake levels (Table 4.4). The overall 
effect of climate variability and change was felt within households in terms of increasing 
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food insecurity. All respondents and key stakeholders assured that the number of households 
appealing for food aid has been increasing.  
 
Fig. 4.4 Perceptions of households in terms of the difference in observed yields between ―good and 
bad‖ seasons/years for major cereals. Good years are defined by farmers as years with adequate 
seasonal rainfall suitable to cultivate a range of crops. Bad years are years with inadequate rainfall and 
erratic distribution. 
4.3.4. Adaptation strategies 
Farm households adopted a variety of practices in response to perceived climate variability 
and change (Fig. 4.5).  
Crop management strategies 
Ca. 90% of the interviewed farmers in the CRV and 96% in Kobo indicated crop selection as 
their main adaptation strategy. Crop selection involves changing either the crop variety or the 
crop type, depending on the observed and expected growing season characteristic. When rain 
starts late, farmers tend to grow early maturing varieties but if the timing of rain is early or 
normal, local late maturing varieties are preferred as they have a yield advantage (e.g., three 
times higher sorghum yield according to farmers in Kobo). Interviewed farmers stated that 
before the 1980s, farm management and its timing was mostly constant and did not change 
much with seasons. More recently, however, farmers adjust the cropping calendar to the onset 
of rain. In local language, they called it ―Ende Tale Zira‖, which means ‗plant your seed 
when it rains‘. Planting is delayed at late onset of the short rainy season (March-May), but in 
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CS Crop selection (selecting crop varieties 
matching the season) 
IMC Shilshalo (In situ moisture 
conservation) 
   PD Planting date adjustments SI Flood diversion (―Spate 
irrigation‖) 
   RP Replanting with early maturing variety of the 
same crop when earlier crop fails 
SWC Soil and water conservation  
   CV Changing crop type when replanting Dl Diversification of livelihood 
(e.g. labour, remittance ) 
 DP Dry planting RL Reduce livestock number  
   MC Mixed Cropping SF Supplement livestock feed     
( e.g. feeding tree branches) 
 CR Crop rotation LM Seasonal migration of 
livestock to pastoral areas 
  MT Minimum tillage CF Conserve fodder /crop 
residue for dry years 
   IR Small scale irrigation PSN Productive Safety Net Programs
WH Water harvesting SA Sale of assets (asset depletion) 
for purchasing food 
 Fig. 4.5. Adaptation strategies in response to effects of climate variability and change (based on farm 
household survey). See text for details of each of the strategies. 
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Kobo, 84% of respondents use dry planting for sorghum before the main rainfall season 
(June-September) to ensure that any drop of rain is used. Early planting generally gives 
higher yield but if the first rainfall events are too small, poor crop establishment can lead to 
reduced yields or even crop failure. In response to crop failure after early planting, 70% of 
farmers in the CRV and 99% in Kobo replant an early maturing variety of the same crop (Fig. 
4.5). If the rainfall is not yet adequate after replanting, the crop type is often changed to teff 
(Eragrostis tef), which is considered as an ‗emergency‘ crop. A farmer from Kobo explained 
the effect of rainfall on a cropping pattern as ―If you observe 75% or more of the farm fields 
planted with teff, the onset of the rainy season was delayed and it was even too late for 
sorghum planting. If you see almost equal proportions of sorghum and teff, it means the rain 
was on time‖. 
Crop diversification in space and time is the most widely used income smoothing mechanism, 
i.e. a farmer sows different types of crops at various moments and fields to minimize crop 
losses and to spread farm risk. Farmers also adjust some agronomic practices such as planting 
density, fertilizer rates and frequency of tillage to maximize utilization of the scarce water 
resource in low rainfall seasons (Table 4.5). 
Livestock husbandry is an integral component of mixed-farming systems in the study areas. 
The main strategies to minimize the risk of livestock production include the use of alternative 
feed sources (e.g. feeding tree branches), conservation of fodder, collection and use of crop 
residues, and reduction of the herd. In the CRV 48% and in Kobo 65% of respondents 
indicate that seasonal migration of livestock to pastoral areas is another strategy to cope with 
feed shortage in low rainfall seasons (Fig. 4.5). 
On-farm water management strategies 
Ca. 73% of the respondents in Kobo practice spate irrigation, i.e., diversion of flood water 
from a seasonal river, directing it to cultivated fields through building earth embankments 
prior to the start of rainfall. In the CRV, 32% of the respondents have access to small scale 
irrigation using water from rivers, shallow groundwater and Lake Ziway. About 48% of the 
respondents in the CRV and 36% in Kobo also indicated water harvesting as an adaptation 
option (Fig.4.5). Most farmers employ in-situ soil moisture conservation techniques that 
increase rainfall infiltration and storage in the soil for crop use. For instance, 98% of the 
farmers in Kobo used ―Shilshalo‖, a form of in-situ moisture conservation, mainly on 
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sorghum farmlands: when the crop is about 30 cm high farmers make furrows across the field 
at various intervals to reduce run-off and increase soil infiltration. Another similar technique 
employed in both study regions is to create wide furrows shortly before rainfall is expected  
Table 4.5. Comparison of some farm management options for normal and below normal /dry seasons 
as perceived and practiced by farm households in the CRV and Kobo, Ethiopia (household survey, 
2010). 
Normal season Dry season Perception for preferring the farm 
management option 
Lower seed /plant density Higher seed /plant density During dry season, germination rate 
might be lower and hence seed rate  
high to  ensure adequate seedling 
establishment 
Recommended rate of 
fertilizer 
Less or no  fertilizer Fertilizer could result in  extreme 
moisture stress (Dehydration of 
seedlings  results in ―burning of 
seedlings‖) 
Response to fertilizer is very low 
during years with inadequate rainfall 
Frequent cultivation for 
suppressing weed and for 
good seed bed preparation 
Minimum cultivation Hard to plough the land during dry 
season 
Early or on time planting Late planting Adjusting the planting date enables to 
use the available rainfall 
Long duration varieties Short duration varieties Long duration varieties give high yields 
when the season is normal but short 
duration varieties are the only 
alternatives when rain is late 
 
and to invert the furrows immediately after the rainfall to conserve soil water. Farmers in 
Kobo practiced building ridges that are 20-30 cm high and commonly spaced 75 cm apart and 
ties at 2 m intervals (tied ridges). Building soil and stone bunds are also common practices in 
both regions to control run-off and increase soil moisture retention. 
 
Income diversification and safety nets    
Some households diversify income through non-agricultural activities, especially through 
temporary migration (Fig. 4.5). Mainly male members migrate to nearby urban and other 
rural areas during the off-season (dry season) for employment opportunities, mostly in the 
Chapter 4 
88 
 
construction sector as well as in the recently emerging large-scale horticulture and 
floriculture sector, particularly in the CRV. Some household members, mainly young and 
single women without children, migrate to nearby countries (e.g. Sudan, Dubai and Saudi 
Arabia) to earn remittances. Renting out labor during peak periods (e.g. weeding and 
planting) especially to farms with irrigated land, also provides options to diversify household 
income. A special form of renting out of labor is the system locally called “Yekul” in which 
the landlord shares grain with the one who lends him labor or assets like oxen for ploughing.  
Renting out of labor is mainly an option for large households (with surplus labor) or 
households with few other assets (e.g. land, oxen). 
Social networks are important for inter-household income transfers and loans. Households 
most affected by droughts, for example, are supported by relatives or neighbors, especially 
during periods of crop failure. The last resort for households to cope with periods of low 
agricultural production is selling some of their farm assets such as animals, particularly small 
ruminants (e.g. sheep and goat). However, respondents indicate that livestock will be in 
excess supply at local markets and prices will be relatively low in dry seasons. Some 
households are temporarily supported through government interventions such as productive 
safety-net programs (PSNP). Chronically food insecure households eligible for PSNP support 
participate in public works such as road maintenance, tree planting, and community pond 
construction to receive money or food. About 8% of the respondents in the CRV and 31% in 
Kobo are beneficiaries of the PSNP (Fig. 4.5). 
4.3.5. Barriers to implementing promising adaptation measures 
Lack of affordable improved technologies, high costs for agricultural inputs, unstable market 
prices, lack of effective early warning systems, small and fragmented land size and risk 
averse behavior of households were identified as major barriers to effective adaptation to 
climate variability and change (Fig. 4.6).  
Technology, financial and market constraints 
Farmers indicated that some of the available technology packages are not affordable, such as 
improved crop varieties which only perform well in combination with expensive fertilizers 
(Fig. 4.7). Since farmers have no or limited access to rural credit systems (see next 
paragraph), fertilizer-improved seed packages promoted by the government are not adopted at 
larger scale (Box 4.2). Despite that market prices for agricultural products are highly volatile, 
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farmers hardly benefit from price peaks, i.e. farmers usually sell their products immediately 
following the harvest season (January-March) to satisfy cash needs, at a moment that prices 
are lowest because of market saturation.  
 
Fig. 4.6. Barriers for successful adaptation of rainfed agriculture to climate change and variability as 
identified by farm households (% of respondents).  
 
Fig. 4.7. Cereal yield differences obtained from improved varieties with and without fertlizer 
compared to yied from traditional practices (adopted from CSA, 2008). 
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Box 4.2. Farmers´ views why a promoted improved seed and fertilizer package is not adopted at a 
wider scale (based on focus group discussion). 
The existing improved crop varieties perform poorly under farm conditions (low yield advantage) if 
not used in combination with other inputs (fertilizer, agro-chemicals, water). When we use the 
improved seed-fertilizer package, it costs much and the yield benefit we can get cannot compensate 
the low output/input price ratio. Higher costs of these inputs limit farmers’ capacity to use the 
promoted, recommended full technology package 
Lack of effective early warning system 
About 84% in the CRV and 60 % in Kobo receive weather forecast information mainly at 
village meetings and rarely from radio. Only few respondents mentioned that such 
information is relevant for farm management as most information arrives too late or is too 
general and inappropriate for tactical decision-making at farm level. 
Land tenure and household characteristics 
Farmers with small land holdings are more reluctant to adopt technologies such as improved 
varieties and fertilizer (Fig. 4.8a). Furthermore, the existing land tenure system does not 
allow farmers to use land as collateral to secure credits from local banks. According to the 
country´s constitution, except for the government, no one can sell or use land as other means 
of exchange (e.g. collateral for credit). Therefore, farmer‘s access to formal credit is limited 
and it is one of the barriers to access yield enhancing inputs and new technologies. For some 
households, limited labor availability also constrains adequate adaptation to climate 
variability and change. With increasing production risks, households, particularly those 
nearby towns and private firms engage in off farm activities to generate immediate income at 
the expense of labor for their farm management. 
Because of a risk-aversive behavior, many farm households stick to traditional practices 
instead of adopting improved technologies. A respondent explained his experience of the 
2003 cropping season when he purchased fertilizer on credit to apply at his teff crop. Because 
of a poor rainfall that season the yield was low and the sale of his production was just enough 
to repay the credit but left his family without food. Since then, this farmer is reluctant in 
applying new farm practices that require credit. Levels of education and farming experience 
also have an influence on farmers‘ decision of using new technologies. Educated or 
experienced farmers use more fertilizers, improved varieties and soil and water conservation 
methods, compared to illiterate and/ or young inexperienced farmers (Fig. 4.8b, c).  
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4.3.6. Needs for future adaptation 
Focus group discussions and consultations with research and extension experts pinpoint 
adaptation needs for agriculture. Improved crop and animal breeds, responsive farming 
strategies, irrigation and water harvesting technologies, sustainable land management, agro-
forestry and risk insurance schemes were identified as promising options for adapting rainfed 
agriculture to anticipated climate change (Table 4.6 & Box 4.3). 
 
 
Fig. 4.8. Effects of selected farm and household characteristics on farmers‘ decision to use adaptive 
technologies (based on household survey). 
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Table 4.6. Promising adaptation strategies, expected contributions to climate risk management and 
prerequisites to implement the required adaption options (based on key informants and focus group 
discussions).  
Adaptation options for anticipated 
climate change 
Contribution to  climate risk 
management 
Prerequisites 
Improved crop varieties ( drought 
tolerant, pest resistant, fast 
maturing, high yielding) 
 
 
Crop diversification 
Improved animal breeds 
Crop varieties that are resistant to 
stresses associated with climate 
change (pests, diseases, water and 
heat stress) could help to reduce 
vulnerability and ensure that crop 
productivity increases under 
changed climate conditions. 
Crop diversification spreads 
production risks 
Increased livestock productivity 
Access to inter-related 
technologies such as 
seeds, fertilizer, 
agrochemicals, 
mechanization 
Access to rural credit 
services and market 
Adequate and timely 
supply of required 
inputs 
Responsive farming (adjusting 
cropping management such as date 
of planting, fertilizer application, 
seed rate, tillage frequency, cropping 
sequences to weather outlook) 
Minimizes production risks Reliable  weather 
forecast and effective 
early warning systems 
Small scale irrigation and water 
harvesting 
 
Production less rainfall dependent 
 
Institutional support in 
infrastructure and 
capacity building 
Sustainable land management Increased nutrient retention, 
rainfall infiltration , reduced 
erosion and land degradation 
Land use planning at 
catchment scale 
Agro-forestry practices Improved rainwater management 
and reduced erosion, enable 
income diversification 
Changing the current 
free grazing system. 
Secured land tenure 
system 
Climate risk insurance 
 
 
Reduced vulnerability of farmers 
by providing financial 
compensation for production 
losses 
Synergies between 
government and 
private insurance 
companies in bearing 
risks 
 
The needs for future adaptation options were almost similar in both study areas with only 
slight differences. For instance, farmers in Kobo consider improved crop varieties 
(drought tolerant, pest resistant, fast maturing, and high yielding) important while farmers 
in the CRV consider improved animal breeds equally important options to adapt to 
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climate change. Extension workers in both study regions also have similar positive 
opinions towards access to improved crop cultivars and effective weather forecast 
services, but extension workers in the CRV prioritized effective agricultural services and 
small scale irrigation while those in Kobo prioritized improved soil moisture retention 
technologies (e.g. tied ridging) as promising adaptation options. 
 
Box 4.3. View of an expert (Agronomist) for successful adaptation to climate change (based on focus 
group discussion) 
For successful adaptation, adequate and timely supply of agricultural inputs (improved seeds, 
fertilizer, and improved farm equipment), provision of improved weather forecast and adaptive 
technologies need to be critically addressed. Adequate training on available technologies needs to be 
conducted. Farmers must not only be informed about potential adaptation options but also need to be 
trained on technologies such as integrated watershed management, water harvesting, moisture 
conservation and improved agronomic practices. Linkage among research, farmers and extension 
could be strengthened. Various options of technologies such as early maturing crop varieties, 
improved animal breeds, improved agronomic and agro-forestry practices has to be available for 
wider choice. 
 
4.4. Discussion 
4.4.1. Farmers perceptions on climate variability and change 
Observed climate data of both the CRV and Kobo showed an increasing trend in temperature 
and high inter-annual and intra-seasonal rainfall variability, which are in agreement with 
farmers‘ perceptions. In contrast to farmers‘ perceptions of a decrease in rainfall totals, 
observed rainfall data showed no statistically significant decline over the period 1977-2009. 
Other studies in Ethiopia also showed increasing temperature trends but no clear trend for 
rainfall (e.g. Conway et al., 2004; Seleshi and Zanke, 2004; Seleshi and Camberlin, 2006; 
Cheung et al., 2008). Farmers‘ perceptions are not always supported by actual climate records 
(Slegers, 2008a; Bryan et al., 2009; Osbahr et al., 2011; Rao et al., 2011). The discrepancy 
between the actual rainfall trend and farmers‘ perception may be because farmers generalize 
their views based on memories of recent drought years (Meze-Hausken, 2004; Amsalu et al., 
2007; Slegers, 2008b; Bryan et al., 2009) or due to the fact that the same rainfall was 
distributed over fewer rainfall events and, therefore, possibly reduced effective rainfall (i.e. 
infiltrating into the soil). The number of days with maximum temperature exceeding 32°C 
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(hot days) increased significantly. The increased temperature may also result in higher soil 
evaporation that reduces water available to cropping. Furthermore, there is a tendency that 
the rainy season is delayed, which can push the crop growing period towards days with more 
heat stress resulting in less soil moisture available to the crop. The interaction of climate with 
other environmental changes such as a decline in soil fertility and land cover change, which 
may have affected crop water availability, could have further influenced the perception of 
farmers of declining rainfall. Haileslassie et al. (2005) reported that soil fertility depletion is 
one of the main biophysical causes of declining per capita food production, particularly in the 
semi-arid mixed farming systems of Ethiopia and Rao et al. (2011) reported the same in 
Kenya. The population of Ethiopia has increased more than threefold from 24 to 84 million 
during the period 1960-2007 (Kidanu et al., 2009) and food production did not increase 
proportionally (CSA, 2008). which might be another compounding factor influencing 
farmers‘ perception to associate food deficit with declined rainfall. Annual rainfall is more 
favorable in CRV than in Kobo. The fact that farmers in Kobo perceived their yields to be 
higher than this in CRV is remarkable and points at the need to be cautious with farmers‘ 
perceptions. 
Generally, analysis of perceptions of climate change needs detailed investigation of the local 
environmental, socio-economic and cultural conditions of people affected (Meze-Hausken, 
2004; Slegers, 2008b), which was beyond the scope of this study. Clearly, caution is needed 
when adaptation strategies are based on perceptions of local actors only, as our case studies 
shows. Lower rainfall is perceived as a major challenge, which can be dealt with by irrigation 
(CRV) or water harvesting (Kobo) according the focus group discussions (Table 4.5). 
However, without a clear understanding of the local conditions affecting the perception of 
actors more appropriate adaptation strategies such as the introduction of improved varieties 
and more fertilizer use can easily be overlooked and it may result in poorly targeted 
interventions resulting in maladaptation (Coe and Stern, 2011). The science community needs 
to play a role in sharing current knowledge and uncertainties with the farming community to 
help them understanding climate variability and change (Asseng et al., 2013). 
4.4.2. Adaptation strategies  
In response to the perceived climate variability and change, farm households in our study 
regions are implementing various coping and adaptation strategies. The most important 
strategies include crop selection, adjusting cropping calendar, in-situ moisture conservation 
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and income diversification. Such practices when implemented properly are effective 
strategies in response to climate risks (Nhemachena and Hassan, 2007; Thomas et al., 2007; 
Thornton et al., 2007; Tompkins and Eakin, 2011; Trærup and Mertz, 2011). During the past 
20 years, farmers have shifted from late maturing to early maturing varieties (e.g. long 
duration local varieties of sorghum such as ―Degalit‖ have been replaced by early maturing 
varieties such as ―Gobiye”). Improved soil and water conservation technologies are other 
adaptation options that can have significant impacts on reducing production risk in Ethiopia 
(Kato et al., 2011). Moisture conservation techniques such as tied-ridges, shilshalo and spate 
irrigation are implemented in the case study areas to cope with the effects of erratic rainfall 
distribution. Georgis et al. (2004) reported an increase in yield of sorghum and maize of more 
than 50% at Kobo and Melkassa (CRV) using tied ridges compared to flat planting. Araya 
and Stroosnijder (2010) also indicated 30% yield advantage for barley using tied-ridging. 
According to development agents in the study area shilshalo is already widely used to cope 
with moisture stress, but untimely ridging often results in substantial plant damage. Extension 
experts suggested that damage to the crop would be enhanced when shilsaho is implemented 
at the early growth stage (4-6 leaf stage for sorghum and 6-8 leaf stage for maize), however, 
this needs experimental validation. Spate irrigation is a form of water management widely 
used particularly in Kobo Valley where mountain catchments border lowlands. Spate 
irrigation is practiced in semi-arid areas of other countries such as Eretria, Yemen, Sudan, 
Tunisia and Pakistan (Steenbergen et al., 2011). Despite its significant role in adapting to 
climate variability, this practice is so far the least studied  (Mehari et al., 2011). 
Income diversification, among others through temporal and permanent migration, is another 
important adaptation strategy in the study regions. Recently, the frequency of migration has 
increased in Ethiopia due to perceived increased negative impacts of climate variability and 
change on livelihoods (Gray and Mueller, 2012). Gray and Mueller (2012) indicated that 10% 
of the male labor force migrates during severe drought. This implies that developing 
alternative income generation options for rural areas is crucial. Government interventions 
such as the PSNP, which has been developed originally for protecting chronically food 
insecure households, may also be suitable safety nets for temporary food insecure households 
during times of climate related hardships. 
The two study regions differ in crop farming experiences with Kobo having crop farming 
since many years whereas the CRV farmers were pastoralists and cropping started in recent 
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decades. Such differences are clearly reflected in adaptation as farmers in Kobo practice 
relatively more adaption activities such as shilshalo, flood diversion and tied-ridging. 
Farmers in the CRV, on the other hand, are relatively better endowed with farm resources and 
use small scale irrigation and agricultural inputs (fertilizer, and biocides). This reflects how 
current adaptation strategies are shaped by locally available knowledge and resources. It 
further suggests that valuable experiences and indigenous knowledge need to be explored in 
detail and scaled out from one region to other regions with similar agro-ecological conditions.  
4.4.3. Barriers to successful adaptation 
The main barriers to successful adaptation are associated to the costs of new technologies and 
market linkages (Fig.4.6). Some adaptation options may not be economically feasible for 
small scale farmers (Adger et al., 2007). The current improved seed technology package 
promoted by the government extension program (Deressa et al., 2009), for instance, requires 
the use of agricultural inputs (fertilizer and agro-chemicals) for increasing yields. However, 
only few households can afford the complete input package and most rather minimize input 
costs. This implies that farmers need low-cost options matching their adaptive capacity, or 
better access to credit to be able to bear the input costs at the start of the growing season. 
Farmers emphasized that lack of credit and limited financial capacity constraints the use of 
adaptation measures. The land tenure system is another important factor that affects 
technology choice and adaptation as it does not allow farmers to use land as collateral. 
Furthermore, with declining land area per household associated with a growing population, 
small and fragmented plots may constrain the use of some potential adaptation options. 
Finally, our data suggests that farmers‘ experience, their level of education and their risk-
averse behavior, all influence adaptive actions. 
Lack of reliable information on weather conditions of the forthcoming season compounds the 
barriers. Weather forecast and early warning has been disseminated for decades in Ethiopia 
but these have not yet been integrated effectively into agricultural decision-making processes. 
According to Hansen et al. (2007) climate risk management could involve effective use of 
weather and seasonal forecast information to help farmers‘ decision-making and reduce 
uncertainty. Kandji et al. (2006) indicated that in a study at Machakos, Kenya, 83% of the 
interviewed farmers would base their decisions on forecasts if these are accurate in at least 3 
out of 5 seasons. Our study showed that farmers in both the CRV and Kobo have strong 
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interest in receiving accurate forecast information and climate risk management advice, 
including information about timing (e.g. onset of rainy season, risk of dry spells).  
4.4.4. Lessons and implications for improving adaptation capacity 
In recent decades, farmers have changed farming practices to adapt to climate change and 
variability, for example, through crop choice, adjustment of cropping calendar, and in-situ 
moisture conservation. These relatively low-cost changes in farm practices were within the 
limited adaptation capacity of farmers, which may be insufficient to deal with the impacts of 
future climate change. Future climate change is expected to impose novel risks beyond the 
scope of current experiences (Boko et al., 2007; Cooper et al., 2008; Müller et al., 2011; 
Thornton et al., 2011). For instance, the number of hot days (heat stress events) is 
significantly increasing and as a result there will be a need to develop new crop varieties with 
greater heat tolerance. To enable farmers to adapt to these impacts critical technological, 
institutional and market-access constraints need to be removed. These constraints are typical 
for most countries in SSA and they are commonly addressed in national development 
agendas (Davidson et al., 2003; Huq et al., 2004; NMA, 2007). It is therefore crucial that 
climate change adaptation is mainstreamed with such development agendas.  
The study also indicates that communication between climate scientists and farmers need to 
be improved. Improving information to farmers on the characteristics and magnitude of 
climate change contributes to the adaptive capacity of farmers in developing countries. 
Increasing farmers‘ adaptive capacity could be through participatory approaches such as 
Climate Field Schools (CFS) (Stigter, 2008), which are learning-by-doing and information 
exchange platforms based on experiences obtained with ―Farmer Field School‖ approach 
(Van den Berg and Jiggins, 2007). The CFS approach (Stigter, 2008) provides an opportunity 
to (i) increase farmers knowledge on climate variability and change (ii) improve mutual 
learning between farmers and other actors (e.g. research, extension, policy) with respect to 
the impacts of weather extremes, climate trends and risks (iii) ensure that farmers get relevant 
and timely seasonal weather forecast information and (iv) improve the capacity of farmers to 
adapt to climate change impacts. Furthermore, CFS would support setting a research agenda 
better aimed at the needs of farmers who need to adapt to climate change. Such participatory 
platforms for various stakeholders (farmers, extension workers, researchers and policy 
makers) could be introduced and enhanced to facilitate the process of mainstreaming climate 
change adaptations and to enable farmers for future adaptation to climate change. 
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4.5. Conclusions 
Farmers perceived climate variability and change and they are concerned about the impacts 
on agricultural production and livelihoods. In response to the perceived climate variability 
and change, farmers are already employing a range of adaptation strategies. However, the 
current actions are relatively low-cost changes in farm practices within the limited adaptation 
capacity of farmers, which may be insufficient to deal with the impacts of expected climate 
change. On-going climate change is expected to impose more and new risks for which 
farmers will need to prepare for and adapt to.  
A remarkable finding from the research is that some farmers‘ perceptions (e.g. a decrease in 
annual rainfall) are not confirmed by observed climate trends. This may lead to sub-optimal 
or even counterproductive adaptations and therefore such misperceptions require attention 
through better communication and capacity building. Participatory learning platforms such as 
Climate School Fields can improve understanding of climate variability and change and its 
impacts and support the development of effective climate risk management strategies. 
Local knowledge and existing adaptation strategies are essential inputs to explore and further 
plan improved adaptive technologies for the case study regions and other areas with similar 
agro-ecological and socio-economic conditions in Sub-Saharan Africa. This study highlighted 
that farmers are aware of the necessity to make long term adjustments to sustainable 
agricultural production under a changing climate. However, affordable technological options, 
strengthening the communication between actors, and new policy arrangements to remove 
market and institutional barriers and to support smallholder farmers are needed to assist in 
shaping adaptation to current and future climate risks.  
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Abstract 
Exploring adaptation strategies for different climate change scenarios to support agricultural 
production and food security is a major concern to vulnerable regions, including Ethiopia. The main 
objectives of this study were to assess the potential impacts of climate change on maize yield and 
explore specific adaptation options under contrasting climate change scenarios for the Central Rift 
Valley of Ethiopia. We estimated the impacts of climate change and evaluated adaptation options 
using three General Circulation Models (GCMs: CanESM2, CSIRO-MK3 and HadGEM2) in 
combination with two recently released Representative Concentration Pathways (RCP4.5 and 
RCP8.5) and two crop models (DSSAT, v4.5 and WOFOST, v7.1).  
Results indicate that maize yield decreases on average by 20% in 2050s relative to the baseline (1980-
2009) due to climate change. The negative impact of climate change on maize yield is very likely, 
while the extent of the negative impact is more uncertain with estimates ranging from -2 to -29% 
depending on crop model, GCM and RCP. A higher share in the uncertainties of our impact 
projections is attributed to GCMs than to the RCPs and crop models. Comparison of yield simulations 
under climate change scenarios with and without CO2 effect indicated that the increased atmospheric 
CO2 concentration had little effect on maize yield (5%). The main driving factors for lower maize 
yield were increased temperature (1.6-3.5 
o
C during the growing period) and decreased rainfall, 
particularly during the critical period (June to July), resulting in a shortened growing period (14-33 
days across the climate change scenarios). Increasing nutrient fertilization and use of irrigation were 
identified as important adaptation options, which would offset negative impacts. However, the 
response of yield to increased nitrogen fertilization and irrigation supply will be less for climate 
change scenarios than under the baseline climate implying that the negative impact of climate change 
will not be totally compensated. Changes in planting dates (about three weeks later than the baseline 
optimum planting time) also reduced the negative impacts of climate change, while changing the 
maturity type of maize cultivars was not effective in most scenarios. The multi-model based analysis 
allowed estimation of some of the climate change impact and adaptation uncertainties, which can 
provide valuable insights and guidance for adaptation planning processes. 
 
Key words:  Climate change impact, uncertainty, planting dates, fertilization, DSSAT, WOFOST 
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5.1. Introduction 
As indicated in successive assessment reports of the Intergovernmental Panel on Climate 
Change (IPCC) (e.g. Meehl et al., 2007) and various other studies (e.g. Parry et al., 2004; 
Branković et al., 2010; Thornton et al., 2011), there is strong evidence that anthropogenic 
climate change is a serious threat to food security, particularly for developing nations 
depending mainly on small-scale agriculture (Wheeler and von Braun, 2013). Agricultural 
systems are inherently vulnerable to climate variability (Boko et al., 2007; Challinor et al., 
2007b; Müller et al., 2011) and climate change is expected to increase this vulnerability 
(Haile, 2005; Challinor et al., 2007b; Cooper et al., 2008; Thornton et al., 2010). Various 
global and regional studies warned that the progressive climate change is expected to 
negatively affect crop productivity in most parts of the world, particularly in Sub-Saharan 
Africa (Müller et al., 2011; Cairns et al., 2013; Rosenzweig et al., 2013a; Rötter et al., 
2013a). For instance, a recent study by Waha et al. (2013) indicates that crop yields could 
decline by 18-45% in Southern and Western Africa with an overall mean decline of 24% in 
most of the Sub-Saharan Africa by the end of this century, as projected with three  General 
Circulation Models (GCMs: MPI-ECHAM5, UKMO-HadCM3 and NCAR-CCSM3) using 
the SRES A2 emission scenario. Exploring adaptation strategies for climate change scenarios 
to support agricultural production and food security is therefore a major concern to 
vulnerable regions including sub-humid to semi-arid areas of Ethiopia as found in the Central 
Rift Valley. 
Adaptation to climate change can take place through reducing risks and /or enhancing 
resilience of agricultural systems in response to the projected future climate (Adger et al., 
2007; Parry, 2007). It involves actions targeted to adjust agricultural management in response 
to expected climatic change and its impacts. Various studies indicated that adaptation to 
climate change has the potential to significantly reduce negative impacts on crop production 
(Downing, 1991; Smit and Skinner, 2002; Adger et al., 2005; Howden et al., 2007; Mertz et 
al., 2009). Adaptation research involves the evaluation of management options under current 
and changed climatic conditions, which is important for decision makers to identify 
appropriate adaptation strategies and to support those through science-based and informed 
policies. Developing countries including Ethiopia have responded to the increased global 
attention for climate change adaptation (Rötter et al., 2011b; Coumou and Rahmstorf, 2012; 
Dow et al., 2013) through the development of National Adaptation Programs of Action 
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(NAPA), which identify priority areas for adaptation research and development. Ethiopian 
NAPA promotes the building of a climate resilient economy through the support of 
adaptation at national, regional and community levels (EPA, 2011). However, studies on 
climate change have often been limited to impact assessments. For example, Arndt et al. 
(2011) and Deressa (2007) estimated the economic impacts of climate change using an 
econometric approach without considering adaptation options. Projections of climate change 
impacts are inherently uncertain due to a wide range of knowledge gaps, starting from the 
assumptions involved in future greenhouse gas (GHG) emission scenarios, to partial 
understanding or oversimplification of processes incorporated in climate models, down-
scaling methods and imperfect crop simulation models (Rötter et al., 2012a; Asseng et al., 
2013; Osborne et al., 2013; Wheeler and von Braun, 2013). According to Walker et al. 
(2003), uncertainty can generally be defined as being ―any departure from the unachievable 
ideal of complete determinism‖. While uncertainty in GHG emission pathways and climate 
models have been examined in most of the climate change impact studies, its importance and 
need to study with respect to biophysical impact models such as crop simulation models has 
only recently been recognized (Challinor et al., 2005; Rötter et al., 2011a; Asseng et al., 
2013; Rosenzweig et al., 2013a; Rosenzweig et al., 2013b). Various crop models describe 
crop-climate interactions differently which can result in diverging model outcomes (see e.g. 
Aggarwal and Mall, 2002; Eitzinger et al., 2004; Asseng et al., 2013). Uncertainty in 
projected impacts due to crop models can be substantial (Asseng et al., 2013). Addressing 
research questions such as what share of impact uncertainty can be attributed to climate 
models and crop models (Yao et al., 2011; Ramirez-Villegas et al., 2013) and how to reduce 
these uncertainties (Rötter et al., 2012a; Asseng et al., 2013) are emerging issues.  
This study uses climate model projections from three GCMs in combination with two 
Representative Concentration Pathways (RCPs) and two crop models to define the range of 
potential outcomes as a measure of the uncertainties in climate change impact projections for 
maize. The main objectives of our study were (i) to assess the potential impacts of climate 
change on maize yield using different state-of-the-art climate change projections (ii) to 
explore alternative adaptation options under contrasting climate change scenarios for a 
representative site in the Central Rift Valley of Ethiopia using two of the most widely applied 
crop models in Eastern Africa, i.e. the Decision Support Systems for Agro-technology 
Transfer (DSSAT) and WOrld FOod STudies (WOFOST) and (iii) to capture some of the 
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uncertainty and the sources of uncertainty of climate change impact and adaptation 
assessment.   
5.2. Materials and Methods 
5.2.1. The study area and site conditions 
The study was conducted in the Central Rift Valley of Ethiopia (CRV), located about 120 km 
south of Addis Ababa and characterized by an alternating topography with a central valley 
floor at 1500–1700 m.a.s.l., bounded by western and eastern escarpments. The CRV was 
previously a pastoral area covered by dense woodlands and there was no permanently 
cultivated land before the 1950s (Garedew et al., 2009; Biazin and Sterk, 2013) but in recent 
decades, it has been converted to cereal-based mixed farming system with maize as the major 
staple crop. The CRV rainfall exhibits high intra-seasonal variability with a coefficient of 
variation of 15-40%, and temperature increased significantly (0.12-0.54 
o
C per decade ) over 
the past 30 years (Kassie et al., 2013b). The increase in inter-seasonal variability and intra-
seasonal dry spells associated with the increasing temperature imply severe challenges to 
rainfed crop production. Soil groups of the CRV are (according to the FAO classification) 
Andosol, Luvisol, Fluvisol, Cambisol and Solonetzes (Zewdie, 2004; Abdelkadir and Yimer, 
2011). We chose an Andosol soil for this study which is the most dominant soil in the CRV. 
Andosols are formed from largely volcanic ashes and pumice deposits and they are generally 
well-drained with a predominantly sandy loam texture (Table 3.3). 
5.2.2. Climate change scenarios 
Awassa, a synoptic weather station with relatively many years of observations, situated at 
7°05′ latitude, 38°29′ longitude and 1750 m.a.s.l was selected as a representative location in 
the CRV for this study. Daily weather data for the present climate, hereafter referred to as 
baseline, was obtained from the national Meteorological Agency of Ethiopia for the period 
1980-2009. Climate change impact studies are based on climate change scenarios which 
consist of combinations of climate and concentration pathways. Climate scenarios are 
coherent, internally consistent and plausible descriptions of possible future states of climate 
while concentration pathways describe future increase in atmospheric greenhouse gas 
concentration due to emissions. Climate change scenarios were derived from General 
Circulation Models (GCMs), which are the most widely used tools to develop future 
scenarios for climate change impact and adaptation assessment (Meehl et al., 2007) in 
combination with Representative Concentration Pathways (RCPs). We used outputs from 
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three GCMs: CanESM2, CSIRO-MK3-6-0 and HadGEM2-ES (Table 5.1) and two RCPs, for 
creating six climate change scenarios. The time horizon for the climate change scenario 
analysis was for the mid-century (2040-2069), hereafter referred to as ―2050s‖. The 
sensitivity of the climate system to an increase in greenhouse gas concentration was 
considered with low and high emission scenarios. For the past decades, most climate change 
studies used the Special Report on Emission Scenarios (SRES) of the Coupled Model Inter-
comparison Project Phase 3 (CMIP3). Recently, CMIP5 coordinated by the World Climate 
Research Program in support of the IPCC Fifth Assessment Report generated new RCPs in an 
attempt to improving climate model projections narrowing the uncertainties in projected 
future climates (Moss et al., 2010; Knutti and Sedláček, 2012; Ramirez-Villegas et al., 2013). 
We used two of the new RCPs, namely, RCP4.5 and RCP8.5 in this study. The RCPs and 
their corresponding atmospheric CO2 concentration are presented in Table 5.2. RCP4.5, 
which refers to a radiative forcing pathway of 4.5 W/m
2
, in the year 2100,  represents a low 
emission scenario, while RCP8.5, which refers to a rising radiative forcing pathway leading 
to 8.5 W/m
2
 in the year 2100 represents a high emission scenario (Van Vuuren et al., 2011).  
Table 5.1. Description of General Circulation Models (GCMs) of the Coupled Model Inter-
comparison Project phase5 (CMIP5) used in this study.  
GCM  Resolution 
(lat. * long.) 
 Institute References 
CanESM2 2.8*2.8
o
 Canadian Centre for Climate 
Modelling and Analysis, Canada 
(Chylek et al., 2011) 
HadGEM2-ES 1.88*1.25
o
 Hadley Centre for Climate Prediction 
and Research / Met Office, UK 
(Collins et al., 2011) 
CSIRO-MK3-6-0  1.88*1.88
o
 Australian Commonwealth Scientific 
and Industrial Research Organization, 
Australia/ 
(Gordon et al., 2002) 
 
The baseline climate data was changed based on the GCMs/RCPs outputs to obtain the 
changed climate scenarios using the ―Delta method‖ (Wilby et al., 2004) that adjusts daily 
historical observations to match mean monthly climate changes (Ruane et al., 2013). There 
are various methods for down-scaling climate projections for impact modelling, none are 
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necessarily superior to others but each with advantages and disadvantages (Räisänen and 
Räty, 2012; Rötter et al., 2012a). With the delta method, changes in rainfall are created by 
multiplying the rainfall scenario change factors with the baseline daily values, while changes 
in minimum and maximum daily temperature are obtained by adding the temperature change 
factors to the baseline values. Many studies (e.g. Alexandrov and Hoogenboom, 2000; 
Cuculeanu et al., 2002; Webb and Stokes, 2012; Rosenzweig et al., 2013b; Ruane et al., 
2013; Sultan et al., 2013) applied this approach in creating climate change scenarios for 
impact and adaptation assessment. A projected change in annual and seasonal rainfall and 
mean temperature for the different GCMs and RCPs by 2050s is presented in Figure 5.1 for 
the selected climate change scenarios. 
 
Table 5.2. Emission scenarios used in this study, their time coverage and CO2 concentration. 
Scenario Period (Coverage) Mid-year  CO2 concentration (ppm) 
Baseline 1989-2009 1995 360 
RCP4.5 2040-2069 2055 499 
RCP8.5 2040-2069 2055 571 
 
5.2.3. Crop management scenarios for adaptation 
The adaptation strategies considered for model evaluation in this study were selected based 
on farmers‘ adaptive responses to current climate variability and future needs for adaptation 
in the CRV (Kassie et al., 2013a). Currently, farmers in the CRV implement adaptive 
strategies such as changing crops and cultivars, replanting (when rain fails after the first 
sowing), and soil moisture conservation to cope with the risks of climate. Discussion with the 
local farmers and extension experts enabled the identification of future aspirations and needs 
for adaptation. Response farming (e.g. adopting the cropping calendar to the prevailing 
weather), increasing levels of agricultural inputs (e.g. fertilizer, pesticides), drought-tolerant 
crop varieties, and expanding irrigated agriculture are among the main strategies for future 
adaptation (Kassie et al., 2013a). Consequently, this study evaluated the effects of planting 
dates, different levels of nitrogen fertilizer, irrigation and crop cultivar using the crop 
modelling approach for a range of climate change scenarios. 
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Fig. 5.1. Changes in annual and seasonal (June-September) rainfall and temperature as projected for 
two Representative Concentration Pathways (RCPs 4.5 and 8.5) by different climate models in 2050s 
(2040-2069) relative to the base period (1980-2009) (a) and associated cumulative rainfall during the 
growing season of maize (b) in the Central Rift Valley, Ethiopia.  
(i) Planting dates:  
Different approaches are applied to set planting dates in crop simulation studies. Most studies 
used pre-defined sowing dates based on observations (e.g. Alexandrov and Hoogenboom, 
2000; Jones and Thornton, 2003; Liu et al., 2008; Laux et al., 2010), while others used 
optimization algorithms, which select sowing dates based on crop water and temperature 
requirements (e.g. Bondeau et al., 2007). Another approach is to optimize sowing dates by 
selecting the date which leads to the highest simulated crop yield (e.g. Southworth et al., 
2002; Žalud and Dubrovský, 2002; Soler et al., 2008; Waha et al., 2012). We determined 
sowing dates for the baseline and climate change scenarios based on the first occurrence of  
rainfall between April 15 and July 7 while at least 40 mm of rainfall accumulated within 4 
rainy days (Raes et al., 2004; Kipkorir et al., 2007; Mugalavai et al., 2008). We assumed that 
the timing of sowing is dependent on rainfall onset, which is typical in (semi)-arid 
environments and is a common practice in the CRV (Kassie et al., 2013b). However, planting 
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a rainfed crop based on the occurrence of the first possible sowing may not be the appropriate 
strategy for adaptation under increasing temperature (Laux et al., 2010; Sacks et al., 2010; 
Bannayan et al., 2013). Comparing yield simulations with planting at specified dates applied 
for all scenarios is necessary to evaluate and identify optimum planting dates for adaptation 
(Luo et al., 2009; Thornton et al., 2010). Optimum planting dates were therefore, evaluated 
with runs of the baseline and the climate change scenarios using weekly intervals around the 
sowing date as determined by the sowing rule within the planting window. 
(ii) Nutrient management: 
We simulated the impacts of three levels of nitrogen fertilizer i.e. low (20 kg N/ha), moderate 
to high (80 kg N/ha) and very high fertilization (no nitrogen limitation), while P and K are 
assumed to be adequately supplied in all cases. The low nitrogen (20 kg/ha) is approximately 
the average application rate currently used for maize in Ethiopia (Spielman, 2008; Cairns et 
al., 2013) and the moderate and very high nitrogen fertilizer levels are considered, with a 
somewhat optimistic perspective, for climate change adaptations in the 2050s. The source of 
nitrogen was assumed to be urea, which is currently the most frequently applied nitrogen 
fertilizer in Ethiopia. Nitrogen application for low and moderate doses was split between 50% 
at planting and 50% at 30 days after planting, which is common practice in the study area.  
(iii) Irrigation: 
Staple crops are commonly produced under rainfed conditions in the study area. However, 
irrigated vegetable production is rapidly increasing near suitable ground water and surface 
water resources in the area (Van Halsema et al., 2011), and points at possibilities for irrigated 
staple production as well. In addition, water harvesting through capture of runoff in reservoirs 
that can be used to irrigate crops when rainfall is insufficient to secure crop harvest is 
strongly promoted by the Ethiopian Government and various foreign donors (Moges et al., 
2011). Expansion of small scale irrigation is among the top priorities of stakeholders in the 
area (Kassie et al., 2013a) and has been identified as a promising adaptation strategy in 
NAPA (NMA, 2007). Considering the prospects for irrigation, we assess its effects as an 
adaptation option under a range of climate change scenarios. The simulations for the different 
climate change scenarios were conducted under rainfed and full irrigation (no-water stress) 
and no nutrient limitation conditions to gain insight into the possibilities of optimum 
management (full irrigation and full fertilization) options to reduce the impacts of climate 
change. We also evaluated effects of supplementary irrigation with moderate (80 kg/ha) 
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fertilizer application assuming that this combination of management options may be more 
realistic at smallholder farm conditions in the near future. Supplementary irrigation 
simulations received a total of 70 mm of additional water during important growth stages of 
maize.  
(iv) Changing cultivars:  
One of the most common practices of farmers to cope with current climate variability is to 
replace late maturing cultivars by early maturing cultivars when the main rainy season starts 
late (Kurukulasuriya and Mendelsohn, 2006; Waha et al., 2012; Kassie et al., 2013a). We 
evaluated the impact of cultivar choice under future climate change scenarios. See tables 3.5 
and 3.6 for cultivar parameters used in the model simulations. 
5.2.4. Crop simulation models 
Crop simulation models provide opportunities for users to simulate crop yields in response to 
climate scenarios thereby enabling to assess impacts of various management strategies on 
growth and yield of the crops. In this study, we used the CERES-maize model embedded in 
Decision Support Systems for Agro-technology Transfer (DSSAT, v4.5), hereafter referred to 
as DSSAT and WOrld FOod STudies (WOFOST, v7.1) models to assess impacts of climate 
change scenarios on maize yield and to evaluate the adaptation options described in Section 
2.3. These models were chosen because they are well accepted and widely used for analyzing 
the impacts of climate change and allow the incorporation of elevated levels of atmospheric 
CO2 and evaluating various adaptation options (Tubiello and Ewert, 2002; Eitzinger et al., 
2004; White et al., 2011; Rötter et al., 2012b). In addition, they have been tested and 
intensively used in the environments of Sub-Saharan Africa including Ethiopia (e.g. Rötter, 
1993; Wafula, 1995; Rötter et al., 1997; Hengsdijk and Van Keulen, 2002; Jones and 
Thornton, 2003; Wokabi, 2003; Thornton et al., 2009; Cairns et al., 2013). 
DSSAT was originally developed by an international network of scientists, cooperating in the 
international Benchmark sites Network for Agro-technology Transfer Project (Jones et al., 
2003; Hoogenboom et al., 2010) to facilitate the application of crop models in a systems 
approach to agronomic research. WOFOST was developed at Wageningen University based 
on the SUCROS model (Van Diepen et al., 1989; Van Ittersum et al., 2003). Both DSSAT 
and WOFOST are designed to simulate crop growth as a function of crop features and 
management, weather conditions and soil characteristics. However, the two models differ in 
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details of describing some of the crop-growth processes. For instance, DSSAT uses a 
relatively simple radiation use efficiency approach to model net photosynthesis (Tsuji et al., 
1998; Palosuo et al., 2011), while WOFOST uses a more detailed approach for describing 
photosynthesis and respiration (Palosuo et al., 2011). DSSAT simulates the soil water balance 
for each soil layer with its specific soil water uptake relations, whereas WOFOST considers a 
homogenous soil texture of the whole soil profile. Details of some differences in modelling 
approaches of the two models are presented in Table 5.3. The two models were previously 
calibrated and tested for different maize cultivars in the CRV of Ethiopia in a study of climate 
variability and yield gap analysis (Kassie et al, 2013, in review). The widely cultivated late 
maturing maize cultivar (BH540) was used for the climate change impact analysis (see 
Tables 3.5 and 3.6 for model input parameters). 
To account for the effects of elevated CO2 on crop growth and yield, simulations were carried 
out by keeping the CO2 concentration at the current level for the baseline period and by 
changing the CO2 concentrations for each climate change scenario to their corresponding 
level (e.g. Alexandrov and Hoogenboom, 2000; Hoogenboom et al., 2010; Ruane et al., 
2013). The evapotranspiration routine in the DSSAT crop models include the ratio of 
transpiration under elevated CO2 concentrations to that under ambient concentrations 
(Alexandrov and Hoogenboom, 2000). For the simulations with WOFOST, the values of 
correction factor /relative transpiration rate (CFET) was modified for each CO2 concentration 
level following Wolf et al. (2010).  
The key procedures of the simulation experiment were (i) running the crop models with the 
current (baseline) and climate change scenarios (i) comparing these crop model results to 
quantify yield changes and (iii) analyzing the effects of the various management strategies 
and selecting promising options which reduce negative impacts of climate change. 
Evaluations for planting dates, cultivar choice and optimum irrigation options were simulated 
with both DSSAT and WOFOST assuming nutrient non-limiting conditions. The evaluation 
of the different nitrogen fertilization levels, supplementary irrigation and combination of 
nitrogen and irrigation options were done with DSSAT only. Furthermore, climate change 
impact simulations assume that pests and diseases are controlled and that no problematic soil 
conditions (such as salinity and acidity) or catastrophic weather events occur.  
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Table 5.3. Differences in modelling details of CERES-Maize (DSSAT) and WOFOST for major 
processes of crop growth and development (Modified afterPalosuo et al., 2011). 
Processes  CERES-Maize WOFOST 
Leaf area development and 
light interception 
Simple: Leaf area expansion is 
driven by temperature as a 
function of leaf number and 
assimilate availability 
Detailed: Leaf area expansion is 
driven by assimilate availability, 
dry matter partitioning 
coefficients and specific leaf 
area 
 
Light utilization Descriptive (simple) radiation use 
efficiency approach. Constant 
radiation use efficiency is used to 
directly convert absorbed radiation 
into dry matter. 
Explanatory (detailed) gross 
photosynthesis respiration 
approach. 
Intercepted radiation is divided 
into direct and diffusive parts 
and integrated over leaf area 
index distribution. 
 
Dry matter accumulation Driven by temperature as a 
function of phenology, limited by 
assimilates availability, excess 
assimilate partitioned to roots. 
Driven by assimilate supply and 
regulated by dry matter 
partitioning coefficients to all 
organs. 
 
Rooting elongation and 
distribution over depth 
 
Exponential, root growth 
continues until maturity 
Linear, root growth terminates at 
anthesis 
Water balance dynamics Simulates the soil water balance 
for each soil layer with its specific 
soil water uptake relations; water 
uptake depends on rooting density. 
 
Considers homogenous soil 
texture of the whole soil profile; 
water uptake does not depend on 
rooting density. 
 
Model type Crop specific Dynamic 
   
Simulation Simulates nutrient limited, water- 
limited and potential yields. 
The used version (v7.1) 
simulates only water-limited and 
potential yields. 
 
5.3. Results 
5.3.1. Projected changes in temperature and rainfall  
The baseline average annual minimum temperature is 12.6 
o
C and maximum temperature is 
27.1 
o
C with mean annual temperature of 19.9 
o
C. According to the climate change scenarios 
used in this study, the average annual minimum temperature is expected to increase by 2.2 to 
3.5 
o
C and the maximum temperature by 1.1 to 3.2
o
C. As a result, the mean annual 
temperature will increase by 1.6 to 3.3 
o
C in 2050s (Fig. 5.1). The lowest change in annual 
mean temperature is projected by CanESM2 model (1.6 and 2.6
 o
C for RCP4.5 and RCP8.5, 
respectively) and the highest annual mean temperature change is projected by HadGEM2 
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model (2.8 and 3.3 
o
C for RCP4.5 and RCP8.5, respectively). During the main rainy season 
(June-September), the average minimum temperature is likely to increase by 1.9 to 3.3 
o
C and 
the maximum temperature by 1.2 to 3.6
o
C, resulting in mean seasonal temperature changes 
by 1.6 to 3.5 
o
C in 2050s.  
Projected changes for the annual rainfall varies widely between -1% and 38%. A decrease in 
annual rainfall was projected only by one climate change scenario (CSIRO-MK3, RCP4.5) 
while others projected an increase in annual rainfall and the highest increase was projected by 
the CanESM2 model (28 and 38% for RCP4.5 and RCP8.5, respectively). During the main 
rainy season (June-September), four of the six climate change scenarios (HadGEM2 and 
CSIRO-MK3 climate models in combination with the RCP4.5 and RCP8.5) projected rainfall 
to decrease by 4 to 20% whereas two of the scenarios (CanESM2 climate model in 
combination with RCP4.5 and RCP8.5) projected an increase of rainfall by 20-21%. 
5.3.2. Impacts of climate change on maize yield 
Simulated mean yield for maize ranges between 7.6 and 8.3 Mg/ha in the baseline scenario 
and between 5.4 and 8.1 Mg/ha in the climate change scenarios (Fig. 5.2a). Among the 
climate change scenarios, CanESM2 with the RCP4.5 gave the highest mean yield (7.1-8.1 
Mg/ha, ranges are for crop models) while CSIRO-MK3 with RCP8.5 predicted the lowest 
mean yield (5.4 Mg/ha) (Table 5.4). All climate change scenarios and both crop models used 
in this study projected reduction in mean maize yield relative to the baseline climate (Fig. 
5.2b). Reductions in maize yield by 2050s under the various climate change scenarios were 
simulated to be similar with DSSAT (-3 to -29%) and WOFOST (-2 to -29%). The projected 
decrease was highest for HadGEM2 model (-27 to -29%) while the CanESM2 model 
projected the lowest decrease in maize yield (-2 to -13%). There was at least 61-65% 
probability of a mean yield decline across the RCP4.5 scenarios and 81-87% across the 
RCP8.5 scenarios (Fig. 5.2b). The overall mean decline in maize yield of the scenarios and 
crop models was 20% in 2050s relative to the baseline. The range of projected yield 
outcomes (uncertainty) is higher among the GCMs (-8 to -28%, averaged over crop models 
and RCPs) than between crop models (-19 to -20%, averaged over GCMs and RCPs) or RCPs 
(-17 to -22%, averaged over GCMs and crop models). Comparison of yield simulations with 
and without CO2 effect indicates that the increased atmospheric CO2 provides little direct 
stimulation (5.3%) for maize yield.   
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Fig. 5.2. Cumulative probability distribution of simulated maize grain yield for the baseline period 
(1980-2009) and future climate change scenarios (2040-2069) (a) and cumulative probability 
distribution of maize yield changes for future climate change scenarios (2040-2069) relative to the 
baseline period (1980-2009) (b) as simulated with DSSAT and WOFOST crop models. The CO2 
concentrations considered in the simulations were 360, 499 and 571 ppm for the baseline, RCP4.5 and 
RCP8.5 scenarios, respectively. 
The decrease in simulated maize yield in the climate change scenarios is mainly associated 
with a shorter growing duration as increased temperature accelerates crop maturity. The 
simulated growing period for maize was shorter than the baseline scenario between 14 days 
(CanESM2) and 33 days (HadGEM2) (Table 5.5). The number of days with which the crop 
growth period decreased was similar for DSSAT (16-31 days) and WOFOST (14-33 days), 
while it was somewhat higher for RCP8.5 (25-33 days) than for RCP4.5 (16-26). Overall, 
climate change will shorten the growing period of maize by 9-22% compared to the baseline 
associated with a 1.6-3.5 
o
C higher average temperature during the growing period. 
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Table 5.4. Ranges of yield predictions and yield change of maize among crop models, Representative 
Concentration pathways (RCPs) and Climate models (GCMs) by 2050s in the CRV, Ethiopia.  
Crop 
model RCPs GCMs 
Mean 
yield 
(Mg/ha) S.D Max Min Median 25% 75% 
Mean 
yield 
change 
(%) 
DSSAT   Baseline 7.6 1.2 9.5 4.6 7.7 7.3 8.3 
 
 
RCP4.5 CanESM2 7.4 1.3 9.4 4.3 7.4 7.1 8.3 -2.6 
  
CSIRO-MK3 5.4 1.7 8.1 1.9 5.9 4.3 6.5 -29.2 
 
  HadGEM2 6.1 1.7 7.8 2.3 6.8 5.4 7.3 -19.5 
           
 
RCP8.5 CanESM2 6.6 1.3 8.1 3.4 6.9 5.7 7.6 -12.6 
  
CSIRO-MK3 5.5 1.6 7.7 1.9 6.1 4.5 6.7 -27.1 
    HadGEM2 5.9 1.5 7.6 2.1 6.3 4.8 7 -22.7 
WOFOST   Baseline 8.3 1.8 10.8 3.9 8.9 7.5 9.6 
 
 
RCP4.5 CanESM2 8.1 1.0 10.2 6.3 8.4 7.5 8.8 -2.4 
  
CSIRO-MK3 5.9 2.2 8.9 1.6 6.4 4.2 7.6 -29.0 
 
  HadGEM2 6.5 1.8 8.6 2.3 6.8 5.9 7.7 -21.7 
           
 
RCP8.5 CanESM2 7.3 1.1 8.8 4.1 7.6 6.8 8 -12.5 
  
CSIRO-MK3 6.1 2 8.5 1 6.7 4.4 7.7 -26.9 
    HadGEM2 5.9 1.7 8.1 1.4 6.4 4.5 7.1 -29.4 
 
Table 5.5. Changes in maize growth duration (in days) under the various climate change scenarios in 
the Central Rift Valley, Ethiopia. 
Crop 
model CanESM4.5 
CSIRO-
MK4.5 HadGEM4.5   CanESM8.5 
CSIRO-
MK4.5 HadGEM8.5 
DSSAT -16 -23 -26 
 
-25 -27 -31 
WOFOST -14 -23 -28   -26 -28 -33 
 
5.3.3. Adaptation options 
Change in planting dates 
Optimum planting dates which provided maximum yields occurred between end of May (day 
of year 141) to mid-June (day of year 169) for the baseline climate while maximum yields 
were simulated with planting dates between mid-June (day of year 162) and end of June (day 
of year 183) in climate change scenarios with slight differences between the two crop model 
simulations (i.e. WOFOST shows stronger response to planting dates than DSSAT) (Fig. 
5.3). This indicated that optimum planting dates will be delayed by approximately three 
weeks in future climate relative to the baseline climate. It should be noted that the early 
possible planting dates, which are dictated by the start of the rainfall season, did not shift 
much in the climate change scenarios because rainfall increased during April and May by 
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20.8 and 4.9 % (averaged over climate change scenarios), respectively (data not shown). 
However, rainfall in June and July was reduced by 5.9 and 5.4% (averaged over climate 
change scenarios), respectively, which in combination with the increased temperature 
reduced yields for the earliest planting dates. On the other hand, rainfall during August, 
September and October increased by 2.2, 3.8 and 16.8% in the future scenarios, respectively, 
which favored maize growth with the late planting dates.  
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Fig. 5.3. Effects of planting dates on maize grain yield under the baseline and future climate change 
scenarios in the Central Rift Valley, Ethiopia. Each value is the average of 30 years simulation (1989-
2009 for baseline climate and 2040-2069 for future climate change scenarios). 
The increase in temperature was also highest in June and July (2.6 and 2.7 
o
C, respectively) 
and lowest in August and September (2.5 
o
C). It appeared that late planting has an advantage 
in reducing heat stress and dry spell effects at the critical growth stage of grain filling. In 
other words, it appeared that with increased temperatures and consequently increased 
evaporative demand, the early planting dates led to early depletion of soil moisture, resulting 
in a poor crop establishment and reduced yield, whereas later planting dates allowed the crop 
to grow under relatively better moisture and thermal conditions. 
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Nitrogen application 
In all climate change scenarios, higher nitrogen levels increased maize yields, but full 
nitrogen supply (no nitrogen limitation) provided little additional yield advantage (12-17% 
across the climate change scenarios) compared to 80 kg N/ha (Fig. 5.4). The predicted yield 
with 20 kg N/ha varied between 2.6 and 3.4 Mg/ha and with 80 kg/ha between 4.9 and 6.3 
Mg/ha across the climate change scenarios. For RCP4.5, simulated yield with 20 kg N/ha 
varied between 2.6 and 3.4 Mg/ha and with 80 kg N/ha between 4.8 and 6.3 Mg/ha (increase 
in yield by 85-89%) while for RCP8.5, simulated yield with 20 kg N/ha varied between 2.6 
and 3.2 Mg/ha and with 80 kg N/ha between 5.1 and 5.7 Mg/ha (increase in yield by 78-
86%).  
 
Fig. 5.4. Effects of nitrogen fertilization rates on maize grain yield simulated with DSSAT crop model 
under the baseline and future climate change scenarios. N20, N80 and No-N stress stands for the 
nitrogen levels of 20 kg/ha, 80 kg/ha and no nitrogen stress scenarios, respectively. The low nitrogen 
level (N=20 kg/ha) is approximately the average rate currently used by Ethiopian farmers and hence 
can be referred as ―current management‖. 
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Overall, increasing the nitrogen rate by 60 kg/ha did yields increase by 78-89% in the climate 
change scenarios. However, simulated yields with 20 kg N/ha in the climate change scenarios 
were lower than the simulated yields with 20 kg N/ha under the baseline and the same still 
holds for the yields simulated with 80 kg N/ha simulations (Fig. 5.4), which suggests that 
crop yields will be less responsive to nitrogen under climate change conditions. 
Irrigation application 
Application of full irrigation resulted in a modest increase in yield under the baseline and 
climate change scenarios (Fig. 5.5). Yields increased by 11-16% (ranges are for crop models) 
under the baseline scenario. It did not significantly increase under the wet scenarios 
(CanESM2), while it increased by 15-22% under HadGEM2 and by 22-39% under CSIRO-
MK3. Simulated water-limited maize yield ranged from 5.4 to 8.1 Mg/ha, while maize yields 
with irrigation (potential yield) ranged from 7.0 to 8.4 Mg/ha across the crop models and 
climate change scenarios. The increase in yield due to irrigation in DSSAT simulations 
ranged between 12 and 39% and in WOFOST between 4 to 22%. For the RCPs, the yield 
increase due to irrigation varied by 4 to 39% (RCP4.5) and 5 to 33% (RCP8.5). The inter-
annual variability of yield under climate change scenarios was also reduced with full 
irrigation compared to rainfed conditions (CV was 12.5-37.4% for rainfed and 7.0-8.5% for 
irrigation). Note, however, that yields simulated with irrigation under climate change 
scenarios are lower than yields simulated with irrigation for the baseline climate (Fig.5.5), 
implying that irrigation is somewhat less effective under climate change conditions than 
under the baseline. The above results highlight the role of full irrigation with high nutrient 
management. However, full irrigation with high fertilization could be a costly investment for 
smallholder farmers. In such a case, supply of small amounts of water during moisture 
sensitive growth stages of maize (flowering and grain filling) can be economic. Under rainfed 
conditions and the supply of 80 kg N/ha, climate change reduced yields by 6-29%. However, 
with supplementary irrigation of 70 mm, the climate change impact was reduced to 5-15%. 
The simulated yield of maize under rainfed conditions ranged from 4.9 to 6.3 Mg/ha while 
with supplementary irrigation from 5.7 to 6.6 Mg/ha. Hence, supplementary irrigation 
increased yields by 5-21% relative to the rainfed production (Table 5.6).  
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Fig. 5.5. Effect of irrigation on maize grain yields compared to the current management (rainfed) 
under the baseline and future climate change scenarios with no nutrient limitation conditions in the 
CRV, Ethiopia. NS indicates a statistically non-significant difference. 
Table 5.6. Simulated effects of supplementary irrigation on maize yield (Mg/ha) compared to rainfed 
production under baseline climate and climate change scenarios in the CRV, Ethiopia, using DSSAT. 
Nitrogen application was 80 kg/ha and the supplementary irrigation simulations received 70 mm of 
water. 
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Changes in cultivar 
Under the baseline, the late maturing variety yielded significantly more than an early 
maturing variety (7.6-8.3 Mg/ha versus 6.8-7.2 Mg/ha, based on the two crop models) (Fig. 5. 
6). Under climate change scenarios, only with the CanESM2 (wet scenario), the late maturing 
variety yielded significantly higher (16-20%) than the early variety. There was a maximum of 
about 29% yield reduction with the late maturing cultivar and about 23% with the early 
maturing cultivar across the various climate change scenarios. Despite no statistically 
significant yield differences in most of the climate change scenarios, yield was somewhat 
lower for the early maturing cultivar than the late maturing under all climate change 
scenarios. This indicates that changing the maturity class of the cultivars would not be a 
suitable adaptation option for the projected climate change.   
 
Fig. 5.6. Simulated grain yields for early and late maturing cultivars under the baseline (1980-2009) 
and future climate change scenarios by 2050s in the Central Rift Valley, Ethiopia. NS indicates a 
statistically non-significant difference.  
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5.4. Discussion 
5.4.1. Methodology of the climate change impact projection: merits and shortcomings 
This study showed the potential applicability of a multi-model systems approach to assist 
climate change adaptation decision making in Ethiopia. Since a single crop model fails to 
represent uncertainties known to exist in crop responses to climate change (Challinor et al., 
2005; Rötter et al., 2011a; Asseng et al., 2013; Rosenzweig et al., 2013a), we used two crop 
models which, in combination with selected climate scenarios, enables us to use ranges of 
outcomes as estimates of impact uncertainties. It is now widely assumed that reporting ranges 
of possible outcomes quantified from multiple model simulations can provide better 
information and guidance for agricultural planners and policy makers. We are aware that 
using larger ensembles of crop and climate models could provide more details of impact 
uncertainties. For instance, Asseng et al. (2013) suggested that at least five crop models are 
required for robust assessment of impacts of increases of up to 3 
o
C temperature on wheat 
yield. Note, however, that it is essential to only use crop models suitable for the domain 
(purpose and conditions) of application. 
Here we applied a delta change approach in creating future climate change scenarios (see 
Section 5.2.2), which has a drawback in that it assumes the behavior of current climate 
variability being the same in the future. While such an assumption may not necessarily be 
true, e.g. according to IPCC (2012), it is expected that climatic extremes become more 
frequent and severe under a changing climate, the delta change approach is still widely 
applied (see e.g. White et al., 2011; Rosenzweig et al., 2013b). In general, each approach for 
downscaling climate change projections for impact models has its drawbacks (Räisänen and 
Räty, 2012). The delta change approach is adequate when the impact of changes in mean 
climate on crops is of interest, while the use of other approaches (e.g. weather generators) 
will be required if changes in extremes are the focus. In addition, GCMs, still have 
deficiencies that make projections, especially those on changes in variability is quite 
uncertain, even in well-studied European regions as shown by Boberg and Christensen 
(2012). GCMs also had the highest contribution of uncertainties on simulated impacts in our 
study. Note, that the crop models applied in this study - as most other models of the current 
generation - do not adequately capture impacts of extreme events on crop yields (Rötter et al., 
2011a; Schaap et al., 2011). Further research is required to quantify the share of this source of 
uncertainty (Lobell et al., 2013) and reduce it (Asseng et al., 2013; Rosenzweig et al., 2013b). 
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Also, widely applied crop models, such as DSSAT and WOFOST, lack the capability of 
quantifying impacts of occurrence of pests and diseases on crop growth and development. 
Such shortcomings need to be taken into account in interpreting crop model simulation 
results, especially in low-yielding environments with limited crop protection such as in the 
CRV. 
5.4.2. Climate change impacts and uncertainties 
Maize production is very likely to be negatively affected by climate change in the CRV and 
similar agro-ecological zones of Ethiopia. Because impact studies often differ by climate 
scenarios, time horizon and, more generally assessment methodologies, it is difficult to 
directly compare results with those from other studies (e.g. White et al., 2011). However, the 
order of magnitude of the yield change we found is broadly consistent with previous studies 
in tropical and sub-tropical regions. For instance, Schlenker and Lobell (2010) indicated 
maize yield reductions of about 22% in Sub-Saharan Africa by 2050s and many others 
reported nearly similar ranges of yield reduction (e.g. Tingem et al., 2008; Jones and 
Thornton, 2009). The main driving factor for changes in maize yield is increasing 
temperature resulting in a growing period shortened by 14-33 days across the climate change 
scenarios. Also other studies indicated that increased temperature is the main driver of yield 
changes under climate change scenarios (e.g. Lobell et al., 2013), although a shortened 
growing period may interact with rainfall patterns (Ruane et al., 2013). The negative impacts 
of increased temperature can be compensated by the effects of elevated CO2 which reduces 
the impact of water stress on crop yields (Tubiello et al., 2000; Žalud and Dubrovský, 2002; 
Kimball, 2010). However, our analysis indicated that the effect of CO2 , fertilization is rather 
small as expected for maize, a crop with a C4 photosynthetic pathway (Cairns et al., 2013). 
Nevertheless, the magnitude of the impact of elevated atmospheric CO2 on crop physiology 
and growth remains debated topic of on-going research (Kimball, 2010; Berg et al., 2013; 
Lehmann et al., 2013). 
Uncertainties in climate change impact studies are generally associated with climate 
scenarios (i.e. GCM projections) and greenhouse gas emission scenarios (Osborne et al., 
2013; Whitfield, 2013). In addition, there is uncertainty from crop models (Aggarwal, 1995; 
Challinor et al., 2005; Rötter et al., 2011a; Asseng et al., 2013). However, uncertainties in 
crop models are often less thoroughly evaluated than climate uncertainty in impact 
assessments (Lobell et al., 2006). The various sources of uncertainties propagate through the 
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simulation procedure resulting in biased estimates. For instance, maize yields in the CRV will 
be reduced due to climate change by 2 to 13% according to the CanESM2 climate model, 
while by 27 to 29% according to CSIRO-MK3, which reflects that there is large uncertainty 
among the GCMs. Uncertainties due to RCPs and crop models are narrower in this study, 
which is similar to the finding by Lobell et al. (2006), who reported that climate models had 
larger impact on projections than crop models. However, the number of crop models 
considered also matters (Asseng et al., 2013). Nevertheless, it often has been shown that 
uncertainties from GCMs dominate regional impact assessments for mid-century (Hawkins 
and Sutton, 2011), although on larger scales this may not be the case (Rosenzweig et al., 
2013a) 
5.4.3. Adaptation options   
Adjusting planting dates is among the most widely studied strategies of adapting to climate 
change (White et al., 2011). Currently, CRV farmers practice flexible planting dates based on 
the onset time of the rainfall season, however, crop failure due to false starts of the rainfall 
season is a common risk (Kassie et al., 2013a). Our analysis indicated that optimum planting 
dates for future climate occurred later than the optimum planting dates under the baseline 
climate. For the early planting dates (mid-April to May) under future climate, critical growth 
stages of maize (i.e. during June and July) faced a decline in rainfall and increased 
temperature. Hence, the late planting dates had an advantage to avoid heat and drought stress 
at the early growth stage. In line with our results, Alexandrov and Hoogenboom (2000) in 
Bulgaria, Cuculeanu et al. (2002) in Romania and Tachie-Obeng et al. (2010) in Ghana 
reported an increase in maize yields with delayed planting dates for climate change scenarios.  
The response of yield to nitrogen applications is higher for baseline climate than future 
climate change scenarios. Similar to our result, Luo et al. (2009) reported that changing the 
nitrogen levels from 25 to 75 kg/ha increased wheat yield under climate change in Australia, 
however, the projected yield increase was less than for the baseline. Similarly, Turner and 
Rao (2013) indicated that increasing nitrogen fertilizer rate from 20 to 80 kg/ha under a 3
o
C 
temperature rise increased yields of sorghum by 15-70% in Kenya, but yields remained lower 
than for the baseline climate. Yield of maize was significantly increased with irrigation under 
climate change except the wet (CanESM2) scenarios. With given conditions of water 
constraints, supply of supplementary irrigation during moisture sensitive growth stages of 
maize (flowering and grain filling) would help reducing the negative impacts of climate 
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change. This implies that the practical and economic (e.g. Finger et al., 2011) potential of 
water harvesting and small scale irrigation (Moges et al., 2011) needs to be explored in the 
CRV.  
The magnitude of climate change impacts will differ between crops and cultivars (Challinor 
et al., 2007a) and hence the choice of cultivars which fit best with the changing climate 
conditions will be an important adaptation strategy. Our analysis indicates that yields of late 
and early maturing cultivars were significantly different with the baseline climate, but 
showed no difference under climate change scenarios except the wet climate model 
(CanESM2). This implies that climate change will disfavor the late maturing cultivar more 
than the early maturing cultivar. However, early maturing cultivars are not outperforming 
under climate change implying that such cultivars are also not a suitable adaptation option to 
projected climate change. Developing more heat tolerant and high yielding, new cultivars is 
critical to sustain crop production under future climate change (e.g. Kurukulasuriya and 
Mendelsohn, 2006; Araus et al., 2008; Burke et al., 2009; Luo et al., 2009). 
5.5. Conclusion and outlook 
Climate change and its impact, as projected by the three GCMs in combination with two 
representative concentration pathways and two crop models, leads to reductions in maize 
production in the CRV and similar agro-ecological zones of Ethiopia and elsewhere. The 
study showed that potential productivity of maize will decrease on average by 20% (averaged 
over climate change scenarios and crop models) relative to the baseline due to climate change 
by 2050s. While the negative impact of climate change on maize yield is very likely, the 
extent of the negative yield impact is more uncertain ranging from -2 to -29%. The share in 
uncertainties of impact projections is higher for GCMs than it is for the RCPs and crop 
models. The projected decrease in maize yield is mainly caused by increased temperature and 
reduced growing season rainfall, which resulted in a shortened growing period of maize by 9-
22%. Maize yield is reduced even for wet scenarios (that predict an increase in rainfall) 
implying that the impact of increased temperature is more pronounced than rainfall under 
climate change. 
 
Results for adaptation analysis indicate that increasing nutrient fertilization, use of irrigation 
and changes in planting dates (slightly shifting to late planting by three weeks relative to the 
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baseline planting dates) can compensate the negative impacts of climate change on maize 
production. However, it should be noted that the response of yield to increased nitrogen 
fertilization and irrigation supply will be less for climate change scenarios than the baseline 
climate implying that negative impacts of climate change will not be totally compensated. 
The increase in yield with nitrogen and irrigation application under climate change scenarios 
is also conditional on application of flanking measures, such as adjusted crop protection, to 
enable realization of potential yield increases. Currently available late and early maturing 
cultivars are likely less optimal under climate change, which implies that the breeding 
research in Ethiopia in collaboration with international research centers (see Cairns et al., 
2013) needs to be tailored towards developing high yielding and heat tolerant cultivars, and 
preferably also disease and pest-resistant, in order to effectively adapting crop production to 
future climate. Some of the adaptation options such as irrigation and nitrogen fertilization 
may involve considerable costs and thus require further studies based on economic 
feasibilities (see e.g. Finger et al., 2011). This study has considered a narrow spectrum of 
adaptation options that can be examined with crop models alone, and future research needs to 
be more integrative including socio-economic effects of introducing various adaptation 
options at farm level. The multi-model based analysis allowed for estimation of some of the 
climate change impact and adaptation uncertainties, which can provide valuable insights and 
guidance for adaptation planning processes. 
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6.1. Objectives and design of the study 
The main objective of this study was to improve understanding of impacts of climate 
variability and climate change on cereal-based production in selected vulnerable regions of 
Ethiopia and to explore adaptation strategies to reduce these climate-induced risks. The study 
investigated how crop production is affected by current climate variability and how it might 
be affected by anticipated climate change including analysis of current adaptive practices and 
options to adapt to projected climate change. Its specific objectives were to: 
1. Characterize trends, variability and changes of agro-climatic conditions and 
associated risks for rainfed crop production in the Central Rift Valley (Chapter 2); 
2. Quantify climate-induced yield variability; and yield gaps of maize in the Central Rift 
Valley (Chapter 3); 
3. Analyze farmers‘ perceptions on climate variability and change and identify climate 
risk management strategies as well as  needs and barriers for future adaptation in the 
Central Rift Valley and Kobo Valley (Chapter 4); 
4. Explore impacts and adaptation strategies for maize production under different 
climate change scenarios in the Central Rift Valley (Chapter 5). 
In the context of the aforementioned objectives, the study addresses the twin pillars of 
adaptation (Cooper et al., 2013), i.e. helping farmers (i) to cope better with the current 
climate-induced risks and (ii) to adapt to future climate change. To improve understanding of 
the interactions between climate and agricultural production, the study first characterizes ago-
climatic conditions of current and future climate. Relevant agro-climatic variables have been 
analyzed under the current climate (baseline) and future climate change scenarios and 
implications for rainfed crop production have been discussed (Chapter 2). Then, the study 
quantified how climate variability is affecting maize productivity (Chapter 3) and it explored 
how maize productivity may be affected by anticipated climate change (Chapter 5). Adapting 
agriculture to climate change requires that farmers are aware of the changes in climate. The 
study, therefore, assesses farmers‘ perceptions to climate variability and change and 
compares these perceptions with measured climate data (Chapter 4). The results of these 
qualitative and quantitative analyses in conjunction with results from stakeholder discussions 
on their aspirations and regional constraints allow for an exploration of promising adaptation 
strategies. Current climate risk management strategies (Chapter 4) and potential adaptation 
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options for climate change scenarios (Chapter 5) have been identified and constraints and 
barriers have been discussed. 
To achieve the objectives, the study applied empirical statistical analyses, field survey 
methods, and a systems-analytical approach, using field experimental data in combination 
with climate-crop simulation modelling. A general scheme of the methodology applied 
throughout Chapters 2 to 5 is presented in Fig. 6.1. In this chapter, a synthesis of the main 
results of the previous chapters is presented and discussed. Scientific insights and 
implications for climate risk management and issues for further research are described. 
 
 
 
 
 
 
 
 
 
 
Fig. 6.1 Schematic overview of the general methodology used in climate variability and change 
analysis. Numbers in circles indicate the chapters of this thesis in which parts of the methodology 
have been applied. GCM refers to General Circulation Models and RCPs to Representative 
Concentration Pathways.  
6.2. Climate variability and change and impacts on crop production 
Understanding climate variability and changes and their impacts is essential for devising 
adaptation strategies. In Chapter 2, we analyzed historical trends and future changes of 
climate in the CRV of Ethiopia. The annual rainfall in the CRV showed no significant trends 
over the period 1977-2007 (Table 2.3) and reports from other studies at regional and national 
scales are mixed: Some studies have identified decreasing trends in parts of Ethiopia (e.g. 
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Cheung et al., 2008) but others did not find strong evidence for consistent changes in the 
annual rainfall (e.g. Seleshi and Camberlin, 2006). The seasonal rainfall (June-September) 
exhibited high inter-annual variability (CV=15-40%) during the period 1977-2007 (Chapter 
2). The variability in rainfall is noticed by local farmers (Chapter 4). According to farmers‘ 
perceptions, the seasonal rainfall is characterized by late start, early cession and erratic 
distribution associated with increased dry spell events (Fig. 4.1). There was large inter-annual 
variability in the length of the growing season, ranging from 79 to 239 days. Also the number 
of rainy days decreased and was associated with an increase (statistically not significant) in 
the intensity per rainfall event for the main rain season. Most of the historical drought 
episodes that occurred in the semi-arid regions of Ethiopia such as the Central Rift Valley 
(CRV) are related to the variation in the seasonal rainfall (Viste et al., 2013). Analysis for 
future climate change scenarios based on four GCMs (HadCM3, CSIRO2, CGCM2 and 
PCM) and two emission scenarios (SRES, A2 and B1), which were accessible at the time of 
analysis, suggested that the annual rainfall may change by -40 to +10% in 2080s relative to 
the 1971-1990 base period (Chapter 2; Table 6.1). More recent climate change projections 
based on CMIP5 data sets of three contrasting GCMs (CanESM2, CSIRO-MK3, and 
HadGEM2-ES) and two Representative Concentration Pathways (RCP4.5 and RCP8.5) 
indicate that the annual rainfall may change by -1 to +38% in 2050s relative to the 1980-2009 
baseline period (Chapter 5; Table 6.1). The annual increase in rainfall results from a 
substantial increase during months (November-January) that are agriculturally less relevant 
under current conditions. Most of the GCMs projected a decrease of rainfall during the main 
growing season (June-September). Yet, there is on-going debate with respect to high 
uncertainties of climate projections for the East African region suggesting that most GCMs 
may not be able to capture the distinct effects of a rapid warming in the Indian Ocean on 
circulation and precipitation patterns (Funk et al. 2008). In recent decades this phenomenon 
has led to suppressed convection over tropical eastern Africa, reducing rainfall during March-
June - a trend that is expected to continue for some time but not or poorly captured by most 
GCMs (Williams and Funk, 2011). 
With regard to temperature, there is a clear indication for warming trends under the current 
and future climate. The mean temperature in the CRV exhibited an increasing trend of 0.12-
0.54 
o
C per decade with an average increase of 2.2 
o
C over the period 1977-2007. Farmers 
also perceived the increasing trends in temperature over the past 20 to 30 years (Fig. 4.1). 
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Analysis for future climate change scenarios showed that the mean temperature will continue 
to increase by 1.6-3.3
o
C in 2050s and by 1.8-4.1 
o
C in 2080s (Table 6.1). Temperature trends 
of these scenarios are consistent with other regional and global analyses. For instance, 
Conway and Schipper (2011) indicate that the annual temperature of Ethiopia will increase 
by 2.2 
o
C in 2050s. The global surface temperature has increased by 0.4 to 0.8 
o
C in the 
twentieth century and is projected to further increase by 1.4 to 5.8 
o
C by the end of this 
century (IPCC, 2007).  
Table 6.1. Historical trends and projected changes in annual and seasonal rainfall and temperature in 
the CRV. Historical trends are calculated for the period 1971-2007 and projected changes are relative 
to a base period of 1971-1990 for 2080s (Chapter 2) and 1980-2009 for 2050s (Chapter 5). Seasonal 
rainfall and temperature refers to the months June to September. Units of trends are in 
o
C per decade 
for temperature and mm/decade for rainfall while projected changes are in 
o
C and percentage, 
respectively, for temperature and rainfall.  
 Historical records  Projected changes 
 Mean trends  2080s 2050s 
Annual rainfall 830 0.20  -40 to +10 -1 to +38 
Seasonal rainfall 520 -0.14  -50 to +4 -19 to +21 
Annual temperature 18.9 0.22  1.8 to 4.1 1.6 to 3.3 
Seasonal temperature 20.2 0.34  1.3 to 4.0 1.1 to 3.0 
Climate variability and change are among the main challenges for agricultural production in 
Ethiopia, particularly, in the semi-arid lowlands such as the CRV. The warming trends and 
rainfall variability are already posing risks to rainfed crop production in the CRV (Chapter 2 
and 4). The actual impacts of climate variability on agricultural systems, of course, depend on 
location and adaptive capacity (Vermeulen et al., 2013). In the CRV, crop production is 
predominantly rainfed, with irrigation agriculture accounting for less than 1% of total area 
and climate, particularly, rainfall is highly variable (Chapter 2) while smallholder farmers 
have less adaptive capacity (Chapter 4). The inter-annual variability of rainfall associated 
with intermittent dry spells during the crop growing period and increasing temperature, thus, 
adversely affects crop production and rural livelihood (Table 4.4). Climate variability also 
discourages farmers‘ investment in improved agricultural technologies. Farmers indicated 
that in years with low or erratic rainfall distribution, agricultural inputs such as chemical 
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fertilizers do not provide yield gain. Because of such risk-averse behavior, many farm 
households adhere to traditional practices instead of adopting improved technologies 
(Chapter 4). 
Quantitative analysis of the effects of current climate variability on rainfed crop yields using 
crop simulation models (Chapter 3) revealed that simulated water-limited yield exhibited 
high inter-annual variability (CV= 36%). The annual variability of crop yield is strongly 
correlated with climate variability, particularly rainfall within and between seasons (Fig. 3.4 
and 3.5), which is a typical problem of production uncertainty in most rainfed farming 
systems of Sub-Saharan Africa (Cooper et al., 2009; Cooper and Coe, 2011; Müller et al., 
2011). About 60% of the variability of simulated water-limited yield was explained by 
rainfall variability during the growing season. There is also a large gap between simulated 
water-limited yields and farmers‘ actual yields; the latter being only 27-30% of the simulated 
water-limited yields (Table 3.9). Existing yield gaps are reflections of sub-optimal agronomic 
practices and inadequate climate risk management strategies (Chapter 4). From the existing 
yield gaps, we can deduce that the recommended production technologies (e.g. fertilizer and 
agro-chemicals) are not fully adopted at farmers‘ fields. 
With highlights on impacts of current climate variability, the next question would be what is 
the likely impact of future climate change on crop production? This question is addressed in 
Chapter 5 analyzing the impacts of various climate change scenarios on maize production in 
the CRV. The results revealed that maize yield will decrease on average by about 20% 
(ranges between -2 to -29% across climate change scenarios and crop models) relative to the 
baseline (1980-2009) due to climate change in the 2050s (Fig. 5.2). The main driving factors 
for lower maize yield under future climate change scenarios are increasing temperature (1.6 
to 3.5 
o
C during the growing season) confounded with a decrease in seasonal rainfall 
resulting in a shortened growing period by about 14-33 days (Table 5.5). The impact of 
increase in temperature is more pronounced than rainfall under climate change scenarios, 
which can be deduced from the result that maize yield also decreased for scenarios that 
predicted an increase in growing season rainfall (CanESM2; Fig. 5.1 and Table 5.4). The 
results in Chapter 5 generally imply that with a business-as-usual development, the 
progressive climate change is expected to negatively affect crop productivity in the CRV. 
Various global and regional studies also warned that climate change may adversely impact 
agricultural productivity in most parts of the world, particularly in Sub-Saharan Africa (e.g. 
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Morton, 2007; Jones and Thornton, 2009; Cairns et al., 2013; Müller, 2013) putting 
agricultural adaptation and risk management strategies in the spotlight. 
6.3. Adaptation to climate variability and change 
6.3.1 Options for adaptation 
Adapting agriculture to climate variability and change refers to adjustments in management 
strategies to actual or expected climatic conditions or to their impacts, in order to reduce risks 
or exploit any opportunities (Adger et al., 2007). Adaptation actions fall into two broad 
overlapping categories (Vermeulen et al., 2013): (i) practices evolved over time through 
farmers‘ long-term experiences in response to perceived impacts and (ii) planned adaptations 
to on-going and future climate change, for example, integrated packages of improved 
agricultural technologies such as breeding, agronomic practices and policy options. Chapter 4 
presents current adaptive strategies of farmers from two case study regions, i.e. the Central 
Rift Valley and Kobo Valley, both representing main cereal-based farming systems with 
relatively contrasting development potentials and farming history. Main adaptation strategies 
include crop and cultivar selection, planting date adjustments, replanting (when a crop fails) 
and various in situ moisture conservation techniques such as tied-ridges, shilshalo and spate 
irrigation (Fig. 4.5). Farmers adjust some of the agronomic practices such as seed density, 
tillage frequency and fertilizer rates to fit with the prevailing weather condition which 
indicates that guiding agronomic practices with effective weather outlooks (response 
farming) is highly required to reduce the impacts of climate variability. Farming experiences, 
land size and education of farm households influence the diversity of adaptive responses at 
farm levels (Fig 4.8) which indicate that current adaptation is shaped mainly by locally 
available resources and knowledge. Some households also attempt to diversify their income 
from non-agricultural activities such as through renting out labor and temporal migration. 
Social networks contribute in inter-household income transfer and loans during climate 
shocks. Safety nets (food or cash-based transfer) are popular among the humanitarian support 
and government programs, to protect chronically food insecure households.  
The current adaptation strategies are important in responding to current climate variability, 
however, future climate is expected to impose novel risks beyond the scope of current 
experiences (Boko et al., 2007; Cooper et al., 2008) and the current relatively low-cost 
changes in farm practices may not be sufficient to deal with the impacts of future climate 
change (Boko et al., 2007). In the light of this concern, stakeholders‘ aspirations for future 
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adaptation were assessed (Chapter 4) and more quantitative analyses were conducted for 
adapting maize production in the CRV under various climate change scenarios (Chapter 5). 
Stakeholders (farmers and extension workers) identified access to improved crop varieties 
(drought and heat  tolerant, pest resistant) agricultural inputs (fertilizer, improved seed), small 
scale irrigation and water harvesting, effective weather forecasting service and climate risk 
insurance as promising adaptation options to future climate change (Table 4.6). Crop model-
based evaluation of adaptation options under future climate change scenarios (Chapter 5) 
revealed that increasing input levels (fertilizer), supply of irrigation water and shifting to late 
planting (about three weeks later than the baseline) would reduce the likely negative impacts 
of climate change. For instance, increasing nitrogen fertilization from 20 to 80 kg/ha 
increased rainfed yield by 78-86% under different climate change scenarios. Application of 
irrigation also provided an increase in yield by 15-39% relative to rainfed production across 
the climate change scenarios. The inter-annual variability of yield under climate change 
scenarios was also reduced with irrigation compared to rainfed conditions (CV was 13-37% 
for rainfed and 7-9% for irrigation). Nutrient fertilization and irrigation would be part of 
solutions for farmers needs‘ as to future adaptation as discussed in Chapter 4. Note, however, 
that crop yield will be less responsive to both nitrogen fertilization and irrigation under 
climate change relative to a baseline climate (Fig. 5.4 and 5.5) implying that the negative 
impacts of climate change will not be totally removed or compensated. Guiding planting date 
decisions with effective weather outlooks is another essential component of climate change 
adaptation. Currently, most farmers practice planting at the earliest possible planting time 
(when the first rain comes), however, the critical growth stages of their crops are very much 
affected by intermittent dry spells and moisture stress leading to crop failure (Chapter 4). As 
farmers have to deal with more variable weather conditions under climate change, developing 
weather-based cropping calendars towards determining optimum planting time is crucial. 
Changing current maize cultivars from late to early maturity types was not a suitable 
adaptation option under future climate change scenarios. Increasing temperature in the future 
would necessitate the use of new cultivars with more heat tolerant traits and hence breeders 
need to consider robustness to climate change in their programs. Various studies showed that 
developing new cultivars that can better cope with the changing climate is critically needed to 
adapt cropping systems to future climate change (Kurukulasuriya and Mendelsohn, 2006; 
Burke et al., 2009). 
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6.3.2. Technological and institutional limitations 
In Chapter 4, we presented a number of barriers that need to be removed in order to increase 
the adaptive capacity of farmers and enhance adaptation to climate induced risks. One of the 
constraints is the lack of effective weather forecast and early warning service. A weather 
forecast and early warning service has been disseminated for decades in Ethiopia but it has 
not yet been integrated effectively into agricultural decision making processes. A typical 
forecast in Ethiopia expresses rainfall aggregated over a large spatial scale and is described in 
qualitative terms, such as above normal, normal and below normal rainfall; it cannot support 
farmers‘ decision-making. Weather forecast services can only be useful for climate risk 
management when it contains information about the timing (e.g. onset of rainy season or dry 
spells), and can be interpreted at a local scale and delivered to farmers through trusted 
channels (Hansen et al., 2007). Thus strengthening weather forecast and early warning 
services is vital for supporting farmers and shaping adaptation.  
Increasing prices for agricultural inputs and lack of agricultural credit systems already limit 
farmers‘ capacity to use available technologies such as fertilizer and improved seed (Chapter 
4, see also IPCC, 2001). The current improved seed technology package promoted in 
Ethiopia by the government extension program (Deressa et al., 2010), for instance, requires 
the use of agricultural inputs (fertilizer and agro-chemicals) for increasing yields, which is 
not affordable for most households (Chapter 4). Furthermore, insecure land tenure system and 
small land holdings constrain farmers‘ willingness to adaptation. Securing land rights and 
tenure is an important issue to encourage farmers to invest in agricultural innovations and 
adaptive technologies. The issue of land size implies the need to intensify cropping systems. 
Agricultural intensification leading to increasing productivity, would help to enhance 
mitigation through more efficient use of agricultural inputs (Burney et al., 2010). An 
intensification program, however, should not be based on a ―one-size-fits-all‖ strategy that 
fails to recognize variation in terms of agricultural potentials in different agro-ecologies and 
farming systems. Effective rural credit systems need to be established and prices of 
agricultural inputs have to be affordable to smallholders in order to intensify agriculture and 
increase productivity. Furthermore, linkages among research systems, extension services and 
farmers need to be strengthened. At present, there is no coordinated program of research on 
climate change in Ethiopia, rather it is ad hoc, where research efforts and findings tend to 
appear through poorly linked projects, which is a typical problem in most Sub-Saharan Africa 
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(Conway, 2011). Improving coordination among the various actors and building capacity are 
essential pre-requisites to enhance agricultural adaptation in Africa, including Ethiopia 
(Desanker and Justice, 2001; Washington et al., 2006; Cooper et al., 2013).  
6.4. Uncertainties in modelling climate-crop growth interactions 
6.4.1. Classification of uncertainty 
According to Walker et al. (2003), uncertainty can generally be defined as being ―any 
departure from the unachievable ideal of complete determinism‖ and can be characterized 
and classified according to three dimensions: source, level and nature (Refsgaard et al., 
2013). Based on sources, Walker et al. (2003) classified uncertainty in model simulations into 
five main categories:  
(i) Model context and framing uncertainty: these are uncertainties related to the boundaries 
of the systems to be modeled. A model context is basically determined at the initial stage 
of a study when the problem is identified and characterized. Thus model context 
uncertainties arise from framing socio-economical, environmental, technological and 
political conditions that form the context of the problem. 
(ii)  Model structure uncertainty: is a conceptual uncertainty due to incomplete understanding 
and simplified descriptions of modeled processes as compared to the reality, for example, 
when the conceptual framework or model used for analysis does not include all the 
relevant processes or relationships. 
(iii) Input uncertainty: Model inputs uncertainties arise from incomplete determination of 
particular values of input data (such as climate, edaphic and crop data), or these data are 
inaccurate or not fully representative for the object of study. 
(iv) Parameter uncertainty: if the system is well known, initial and input conditions can be 
manipulated and output can be observed with no error, however, calibration and 
evaluation might be either ignored, based on trial and error or based on some optimization 
principles which would result in uncertainty. 
(v) Model technical uncertainty: arising from computer code implementation of the model or, 
for instance, due to numerical approximations (i.e., resolution in space and time).  
The level of uncertainty characterizes how well the uncertainty can be described and it can be 
classified as statistical, scenario and recognized ignorance types (Yao et al., 2011). Statistical 
uncertainties are those which can be expressed statistically as a range with associated 
probability. For example, statistical expressions for measurement inaccuracies and model 
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parameter estimates are a statistical uncertainty. Scenario uncertainties are those which 
cannot be depicted adequately in terms of probabilities but which can be specified in terms of 
ranges of possible outcomes. Recognized ignorance concerns uncertainties of which we 
realize their existence but we cannot establish any useful estimates due to unknown 
processes. The nature of uncertainty can be, generally, either epistemic or stochastic /or both 
(Walker et al., 2003). Epistemic uncertainty is that caused by incomplete knowledge and can 
be reducible by more studies, e.g., by improving the data analysis, making additional 
monitoring (time series of data), or by deepening our understanding of how the modeled 
system works. Stochastic uncertainty is that due to inherent variability (e.g. climate 
variability) and is non-reducible i.e. no matter how perfect data collection and mechanistic 
understanding of the system are, there will always be some uncertainty inherent to the natural 
system and perfect knowledge on such natural phenomenon cannot give us a deterministic 
prediction, but would enable us to characterize the natural variability. Recent studies have 
applied the scheme of Walker et al. in modified form for characterizing and quantifying 
uncertainties in crop models for climate impact modelling (e.g. Palosuo et al., 2011; Rötter et 
al., 2012b; Asseng et al., 2013). 
6.4.2. Bio-physical data scarcity  
Crop-climate modelling is an effective, advanced method to understand crop-climate 
interactions (Chapter 3) and evaluate various agronomic adaptation strategies (Chapter 5). 
However, the success of such approaches depends on quality of input data used. Bio-physical 
models need extensive field validation to assess the range of their validity (Jame and 
Cutforth, 1996; Jones et al., 2003). Experimental data on crop and soil management are key 
inputs for calibration and validation of agricultural simulation models. However, these are 
very scarce or not very well organized in Ethiopia, a problem typical for many countries in 
Sub-Saharan Africa (Chapter 3, see also Conway, 2011; Ramirez-Villegas and Challinor, 
2012). At present, experimental data is collected by various researchers in Ethiopia, however, 
storage and backup of such data sets is highly fragmented, resulting in a poor institutional 
memory. As Whitfield (2013) underlined, standardized methods of data collection, 
processing, sharing and reuse is an essential component of agricultural research. There is a 
need to compile and reorganize existing data so as to establish institutional memory for bio-
physical data (climate, soil, crop management), so that data remain accessible, sharable and 
reusable in the long run (Diekmann, 2012).  
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Limited access to climate data is another constraint for climate research. At present, there are 
difficulties in obtaining climate data due to constraining data use policy. I obtained the 
observed climate data used in this study from the National Meteorological Agency of 
Ethiopia through long administrative negotiations and lobbies. Climate data need to be 
considered as a public good provided that it is used for research and development efforts. 
According to Cooper et al. (2013), one of the foundations upon which effective climate 
change research could be built in Africa is by improving access to information such as 
historical climate data and databases of on-going projects.  
6.4.3. Uncertainties in modelling climate change impacts on crop growth 
Agricultural impact projections are subject to uncertainty (Yao et al., 2011; Rötter et al., 
2012a) which arises from the various tools used in impact assessment such as: (i) climate 
models, (ii) emission scenarios, (iii) down-scaling of climate scenario data and (iv) impact 
models (e.g. crop models). Global climate models, also known as Global Circulation Models 
(GCMs) typically represent complex interactions of the earth-atmospheric system – the way 
these interactions have been captured in the models differs to some extent between the 
different GCMs, leading to different projections. These differences might be interpreted as 
uncertainties, as the correct representation of the interactions remains unknown. Scenario-
based impact studies also inherit uncertainties in GHG trajectories and their impacts on the 
climate system (Challinor et al., 2009b), because emission scenarios comprise assumptions 
on future population growth, economic development and technological progress, which 
determines the sources of energy used (Müller, 2013). Various downscaling techniques are 
applied to derive GCM projections at a more detailed spatial resolution (regional or local 
scale) and the downscaling techniques may inherit uncertainties. Furthermore, crop growth 
simulation models add uncertainties due to their structure or measurement or estimation 
errors as to input values. Cascading of uncertainties in climate change prediction and impact 
analysis are presented in Figure 6.2. Due to such uncertainties, the literature commonly 
shows a wide range of potential impacts of climate change for the same region. For example, 
Reilly and Schimmelpfennig (1999) estimated that  maize yields in Africa may change 
between -98% and +16% due to the impacts of climate change and elevated CO2 
concentration, while Thornton et al. (2010) estimate a much smaller range from -6 to -25%. 
Quantifying uncertainty is, therefore, an important effort in climate impact studies (Challinor 
et al., 2005; Eitzinger et al., 2008; Yao et al., 2011). However, there is no consensus in the 
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literature on how best to quantify these uncertainties (Challinor et al., 2005). There are two 
main schools of thought to deal with climate change uncertainty in adaptation under which 
the various decision making analyses can fit into: prediction-oriented and resilience-oriented 
(Berkes, 2007). Prediction-oriented thoughts came from decision making and risk analysis 
literatures and as well as from the IPCC. They argue that uncertainty needs to be 
characterized, reduced and managed and communicated, which leads to sophistication of 
modelling tools and techniques to describe the future climate and impacts. The resilience-
oriented school of thought originates from the fields of societal and policy learning and 
complex adaptive systems research, which accept that some uncertainties associated with 
climate change are irreducible and emphasize learning from the past, i.e. they believe that 
learning to live with uncertainty requires building a memory of past events, expecting the 
unexpected and increasing the capability to learn from crises. In this thesis, we follow the 
prediction-oriented approach. 
 
The recommended approach by IPCC (IPCC, 2001) is to use ranges of multiple climate 
change scenarios. Most of the climate change impact studies adopt this approach and use 
ensembles of GCMs, however, the use of multiple crop models has been very limited 
(Chapter 3 and 5) but is getting recognition recently (Rötter et al., 2011a; Asseng et al., 2013; 
Rosenzweig et al., 2013b). We applied two well-accepted crop models and multiple climate 
models for the analysis of impacts of climate variability and change (Chapter 3 and 5). Use of 
multiple models provided insights on the possible range of outcomes as a measure of 
uncertainties. In Chapter 3, we observed that the inter-annual yield variability simulated with 
DSSAT and WOFOST models differed, i.e., CV 9-26% for DSSAT and CV 19-35% for 
WOFOST. This difference comes due to different approaches of the two crop models in 
characterizing important components of crop growth, for instance, DSSAT calculates 
evapotranspiration using the Priestley-Taylor approach while WOFOST uses the penman 
method. 
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Fig. 6.2. Cascade of uncertainties in climate change impact analysis (Modified after Giorgi, 2005). 
In Chapter 5, we showed that climate change will affect maize yield negatively in the CRV, 
while the extent of the negative impact is more uncertain with estimates ranging from -2 to -
29% depending on crop model, GCM and RCPs. The share in uncertainties of impact 
projections is higher for GCMs (-8 to -28%, average over RCPs and crop models) than it is 
for the RCPs (-17 to -22%, average over GCMs and crop models) and crop models (-19 to -
20%, average over GCMs and RCPs). Thus, from the selection of models we used, it can be 
deduced that GCMs are the most important source of uncertainties, which is consistent with 
the observations that uncertainties from GCMs dominate regional impact assessments for 
mid-century (Hawkins and Sutton, 2011), although on larger scales this may not be 
necessarily the case (Rosenzweig et al., 2013a). If effective and appropriate agricultural 
adaptation is to happen in the next decades, such uncertainties need to be communicated and 
understood by agricultural researchers and policy makers (Ramirez-Villegas et al., 2013). 
However, the uncertainty in the magnitude of climate change impacts does not take away the 
certainty that adapting to climate change is needed. 
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6.5.Methodological strengths and limitations, and implications for future research  
6.5.1. Strengths of the methodology 
The study reported in this thesis applied a combination of complementary approaches such as 
an agro-climatic index-based analysis (Chapter 2), farming systems survey tools (Chapter 4) 
and a crop and climate modelling approach (Chapters 3 and 5). Agro-climatic index-based 
analysis provided insights on main characteristics of agriculturally relevant climate resources. 
The farm household survey adds a participatory component to the study by involving farmers 
and extension workers through questionnaires, in-depth interviews and focus group 
discussions, which enabled to gain insights on local perceptions and adaptive responses. 
Furthermore, the study compared farmers‘ perceptions with climate data analysis and 
discussed why some of farmers‘ perceptions diverged from observed climate trends. This 
approach provides relevant lessons for better integration of  local knowledge and scientific-
based information to avoid counterproductive adaptation planning or to put specific effort in 
awareness raising, e.g. when it comes to actual versus perceived changes in rainfall. 
Crop growth simulation was done using two well-accepted crop models (Chapter 3 and 5), 
which is an innovative feature of the methodology used in this thesis. To date, most research 
efforts on modelling crop-climate interactions used a single crop model to simulate crop 
growth processes. However, crop growth is a very complex process involving a series of 
interactions of soil, crop and weather and a crop model, being representative for parts of 
reality, may not accurately reproduce the dynamic processes of crop growth and development 
in the field (Rötter et al., 2011a). Outputs from a single crop model simulation are, therefore, 
not sufficient to indicate uncertainties (Rosenzweig et al., 2013b). Using several models, also 
known as ensemble modelling (Challinor et al., 2009c), if suitable for the aim and domain of 
application, enables to better represent uncertainty emanated  from the crop models. In 
Chapter 3, we showed that the two used crop models differed in capturing inter-annual 
variability of maize yield in the CRV and hence ranges of outcomes from the two models 
were used to characterize yield variability. This could provide important lessons to other 
researchers on the added value of using more than a single crop model in simulation studies. 
For the analysis of climate change impacts and adaptation, we used the latest GCMs and 
Representative Concentration Pathways (RCPs) released by the Coupled Model Comparison 
Project phase5 (CMIP5). Compared to the CMIP3, the new CMIP5 models have higher 
horizontal and vertical resolution in the atmosphere and ocean and a more complete 
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representation of the Earth system such as the carbon cycle (Taylor et al., 2012) which leads 
to a better projection of climate. The IPCC Fifth Assessment Report, AR5 (under way, 
expected to be published in 2014) uses a new set of scenarios, called Representative 
Concentration Pathways (RCPs) replacing the Special Report on Emission Scenarios (SRES) 
standards employed in the two previous reports. These new generation of GCMs and RCPs 
are expected to be the basis for climate change impact studies over the coming few decades 
(Ramirez-Villegas et al., 2013). The methodology applied in future climate change impact 
analysis is therefore up-to-date.  
6.5.2. Capturing all relevant bio-physical processes 
Crop models and climate scenarios used in various impact studies, including this thesis, lack 
addressing indirect impacts of climate change such as changes in the incidence of pests and 
diseases as well as extreme weather events. Climatic factors determine the spatial and 
temporal distribution of pests and disease and increases in climate extremes due to climate 
change may have serious implications for population dynamics of pests and diseases and 
altering their geographical distribution, thereby possibly leading to increased crop losses 
(Gregory et al., 2009). In such cases, the actual impacts of climate variability and change on 
yields at farmers‘ fields may be different from those simulated by the crop models. Thus, 
effects of pests and disease in climate change impact study could lead to more realistic 
projection of impacts on yield and thereby help developing appropriate adaptation strategies. 
Climate change impact analysis reported in this thesis applied a delta method approach for 
creating climate change scenarios (Chapter 5), which has a drawback in that it assumes that 
the behavior of current climate variability stays the same in the future. However, extreme 
weather events such as spells of very high temperature and intense rains are expected to 
increase with climate change (IPCC, 2012) thereby affecting agricultural productivity beyond 
the impacts of mean climate change. Hence, including impacts of extreme weather events 
under climate change may complement analysis of climate change impacts on agriculture.  
6.5.3. Integrated assessment of climate change and adaptation 
The study reported in this thesis provided useful insights on bio-physical impacts, however, it 
does not quantify the socio-economic aspects of climate change adaptation, nor does it 
analyze impacts and evaluates adaptation options at farm level. The challenges for agro-
ecosystem modelling in supporting farm level analysis of adaption options have recently been 
described (e.g. by Rötter et al., 2013b). For example, in our study, farmers indicated that the 
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current land tenure system does not encourage investing in long-term adaptation strategies 
(Chapter 4). Future research should focus on how land use rights could be secured so as to 
enhance adaptation planning. Other socio-economic issues such as market infrastructure, 
access to credit system and agricultural inputs (seed, fertilizer, pesticides) and institutional 
arrangements for effective extension services also need attention in research and policy for 
improving adaptation planning and implementation. A modelling approach that integrates the 
biophysical, economic, social and institutional aspects of a system under study (Van Ittersum 
et al., 2008) could be helpful to assess and explore more appropriate adaptation strategies. 
According to Weyant et al. (1996), integrated assessment provides three main purposes: (i) to 
assess the potential impacts and responses to climate change by integrating physical, 
ecological, economic and social factors; (ii) to provide coherent systematic frameworks that 
may facilitate more systematic searching for possible responses; (iii) to help addressing the 
most fundamental policy questions on climate change. Moreover, an integrated assessment of 
climate change at farm level (Reidsma et al., 2010) allows accounting for resource 
heterogeneity and differences in socio-economic contexts to come to farm-scale adaptations.  
 
6.5. Conclusions and recommendations for research and development 
Climate-crop simulation in combination with agro-climatic index analysis and farming 
systems survey approaches provided relevant information on risks of current climate 
variability and potential impacts of future climate change. Crop production has already been 
challenged with climate variability, and climate change is projected to affect it negatively. In 
response to perceived risks, farmers are implementing various adaptive strategies; however, 
such responses are relatively low cost changes in farm practices and may not be adequate for 
future climate change adaptation. Investment in more appropriate adaptation options such as 
more heat tolerant crop breeds, increased level of agricultural inputs (e.g. fertilizer), and 
irrigation are highly needed to reduce climate change impacts and adapting cropping systems. 
Research could play significant role by providing scientific evidence and more reliable 
information about climate change and its impacts, and by developing and disseminating 
improved adaptive technologies. The following actions should be given priority to enhance 
climate adaptation and improve resilience of crop production systems in Ethiopia:  
 Mainstreaming and strengthening climate change and adaptation research in the National 
Agricultural Research System (NARS) towards developing adaptive technologies for 
managing climate risk and uncertainty. Mainstreaming climate change and adaptation 
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refers to a process of integrating climate research into on-going research projects and 
adjusting research activities and approaches to address climate risks and explore 
adaptation options. 
 Building institutional memory for relevant data (climate, soil, agronomic, socio-
economic data) to facilitate research on climate change impacts and adaptations;  
 Strengthening the knowledge base (capacity) on using advanced tools and approaches 
(e.g. crop-climate simulation models) for climate change and adaptation assessment; 
 Communicating projected climate change impacts and possible management strategies 
effectively among farmers and decision makers;  
 Improving institutional arrangements towards enhancing the adaptive capacity of 
farmers through providing agricultural credit and effective extension services. 
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Summary 
Climate change is one of the most serious environmental threats facing mankind in the 21
st
 
century. There is also general consensus that poor countries, particularly in the Sub-Saharan 
region, are most vulnerable and Ethiopia is often cited as an example. Ethiopia heavily 
depends on agriculture which (i) provides a living for about 85% of the population, (ii) 
contributes about 50% to the national GDP and (iii) generates 88% of the export earnings. 
This vital socio-economic sector is, however, highly vulnerable to climate variability and 
change mainly due to heavily dependence on rainfall and lack of investments to better exploit 
the good seasons and use limited water more efficiently. For decades, smallholder farmers in 
Ethiopia have been facing severe climate related hazards, in particular highly variable rainfall 
and severe droughts that negatively affect their livelihoods. Particularly, semi-arid regions 
such as the Central Rift Valley, are prone to climate-induced risks and production 
uncertainty. Anticipated climate change is expected to aggravate some of the existing 
challenges and impose new risks beyond the range of current experiences. 
Despite the fact that agriculture is the backbone of the country‘s economic development and 
climate-induced risks are already challenging and expected to have adverse impacts, research 
on impacts of climate variability and change, and adaptation options carried out so far are 
rather limited. Thus, studying the impacts of climate variability and change and investigating 
adaptation options is important to Ethiopia‘s agricultural production and food security. 
Helping farmers to cope better with current climate variability is a prerequisite for adapting to 
future climate change. Depending on their long-term observations and subjective assessments 
of risks, farm households use certain adaptive strategies. A better understanding of the local 
practices in response to the current climate variability is important for policy makers to shape 
conditions for future adaptation. This study was, therefore, aimed at understanding current 
and future climate characteristics and associated risks/impacts and providing insights in 
current climate risk management strategies and future potential adaptation options for 
adapting agriculture, particularly maize-based production. The study was conducted in the 
Rift Valley of Ethiopia, which is part of the great East African Rift Valley system and divides 
Ethiopia into north-western and south-eastern highlands. The study focused on the central 
part of the rift valley (CRV), however, a second case study area, Kobo valley was also used 
in Chapter 4, for additional analysis on farmers‘ perceptions and current adaptation practices. 
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These two case study areas represent major cereal-based farming systems in the semi-arid 
environments of Ethiopia and are hotspots for climate induced risks. Maize (Zea mays), an 
important staple crop in the livelihoods of smallholders, is the main focus of the study. 
Chapter 2 presents historical trends and projected changes of agro-climatic indices with 
respect to implications to rainfed crop production in the Central Rift Valley of Ethiopia. 
Temporal variability and extreme values of selected rainfall and temperature indices were 
analyzed and trends were evaluated. Projected future changes in rainfall and temperature for 
the 2080s relative to the 1971-1990 baseline period were determined based on four General 
Circulation Models (CSIRO2, CGCM2, HadCM3 and PCM) and two emission Scenarios 
(SRES, A2 and B1). The analysis for observed historical climate data (1977-2007) revealed 
that total rainfall did not change significantly, but exhibited high inter-annual variability (CV 
15-40%). The number of rainy days decreased, and was associated with an increase 
(statistically not significant) in the rainfall intensity for the main rainy season. The mean 
annual temperature exhibited a significant warming trend of 0.12 to 0.54 
o
C per decade. The 
crop growing period is characterized by late start and early cessation of rainfall, erratic 
rainfall distribution and frequent intermittent dry spells leading to moisture stress and 
reduction in crop yield. The length of the growing period also exhibited high inter-annual 
variability, ranging from 76 to 239 days. Projections from the GCMs suggested that future 
annual rainfall will change in the range of -40 to +10% and the annual temperature is 
expected to increase in the range of 1.4 to 4.1 
o
C by 2080s. Also the length of the growing 
season is expected to be reduced by 12-35%. The past and future climate trends, especially in 
terms of rainfall and its variability and the increasing temperature pose major risks to rainfed 
agriculture implying that specific adaptation strategies are needed to cope with the risks, 
sustain farming and improve food security. 
In Chapter 3, a multi-model crop growth simulation approach using two crop models 
(DSSAT and WOFOST) was applied to characterize climate-induced yield variability; and 
yield gaps for maize cultivars in the CRV. The models were calibrated and evaluated with 
experimental data and subsequently, a simulation experiment was carried out for early and 
late maturing maize cultivars using historical weather data of three representative stations. 
The results revealed that potential yield is about 7.0 Mg/ha for the early maturing cultivar and 
between 8 to 9 Mg/ha for a late maturing cultivar. Simulated water-limited yield is 6.0 to 7.0 
Mg/ha for the early maturing and 7.0 to 8.0 Mg/ha for the late maturing cultivars. The 
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simulated water-limited yields are characterized by higher inter-annual yield variability (CV 
36%) than the potential yield (CV 7-14%) showing the effect of rainfall variability. About 
60% of the yield variability of simulated water-limited yield is explained by rainfall 
variability during the growing season. Actual yields of maize in the CRV are only 28-30% of 
the simulated water limited yield and 44-65% of on-farm trial yields. Existing yield gaps 
between actual and simulated yields indicate that recommended production technologies (e.g. 
fertilizer and pesticides) are not fully adopted at farmers‘ fields. The yield gaps also indicate 
that there is scope to significantly increasing maize yields in the CRV and other similar agro-
ecological zones, through improved crop and climate risk management strategies. The study 
also demonstrated the usefulness of crop simulation modelling in characterizing yield 
variability and yield gaps, which is not yet a common research tool in Ethiopia. The two crop 
models applied differed in capturing yield variability, i.e. the inter-annual variability of 
simulated yield is higher for WOFOST than DSSAT. Differences in simulated yields between 
WOFOST and DSSAT were 0.4 to 1.6 and 0.4 to 1.0 for the potential yield and water-limited 
yields, respectively. As the crop models differ in details of describing dynamic processes of 
crop growth, water use and soil water balance, the multi-model approach provides better 
information on the uncertainty in simulating crop-climate interactions. It was not possible to 
judge which model is superior, since detailed sequential measurements (e.g. above ground 
crop growth and soil moisture during the season) were not available for comparison with the 
simulations. 
Chapter 4 analyses local community perceptions on current climate variability and long-term 
changes, current adaptation practices, needs for future adaptation, and barriers for successful 
adaptation. The study was based on a household questionnaire, interviews with key 
stakeholders and focus group discussions in two selected case study areas, i.e., Central Rift 
and Kobo valleys, both representing semi-arid vulnerable regions with some contrasting 
agricultural potential. The results showed that farmers perceived climate variability and 
change, and they are concerned about the impacts on their agricultural production and 
livelihoods. In their opinion, annual rainfall has decreased and temperature has increased over 
the last 20-30 years. Inter-annual and intra-seasonal rainfall variability also has increased 
according to farmers. Perceptions on increasing temperature and variable rainfall are 
supported by observed climate, however, some perceptions (e.g. a decrease in rainfall 
amount) are not confirmed by observed climate trends. Reduced water availability to crops 
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due to the increased hot spells and the interaction of climate with other environmental 
changes such as a decline in soil fertility and land cover changes may influence the 
perception of farmers as to declining rainfall. The discrepancy between farmers‘ perceptions 
and observed climate trends implies that misconceptions require attention to avoid 
maladaptation. It also indicates that communication between climate scientists and farmers 
need to be improved through participatory-based information exchange platforms such as 
―Climate Field Schools‖. Farmers mentioned various aspects of climate induced risks which 
in general reduced agricultural productivity and consequently increasing food insecurity. The 
study revealed that in response to the perceived climate variability and change, farm 
households are implementing various coping and adaptation strategies. The most important 
current adaptive strategies include crop selection, adjusting planting time, various in situ 
moisture conservation techniques such as shilshalo, tied-ridges, spate irrigation and income 
diversification. For future adaptation, farmers need adequate access to agricultural inputs 
(e.g. fertilizer and seed), improved crop varieties, irrigation, climate risk insurance and 
effective weather forecast service. Main barriers as to successful adaptation were associated 
with technological and institutional limitations. Lack of affordable technologies, high costs 
for agricultural inputs, unstable market prices, lack of reliable information on weather 
forecasts, and insecure land tenure systems were identified as limiting factors of farmers‘ 
adaptive capacity. It is clear from the analysis that enabling strategies, which are among 
others targeted at agricultural inputs, credit supply, market access and strengthening of local 
knowledge and information services need to become integral part of government policies to 
assist farmers adapt to the impacts of current climate variability.  
In Chapter 5, impacts of projected climate change and adaptation options under various state-
of-the-art climate change scenarios have been explored for maize production in the CRV 
using two crop models (DSSAT, v4.5 and WOFOST, v7.1) and three GCMs (CanESM2, 
CSIRO-MK3 and HadGEM2) in combination with two recently released Representative 
Concentration Pathways (RCP4.5, RCP8.5) for the period 2040-2069 (referred to as 2050s). 
The results indicate that without adaptation, maize yield will decrease on average by 20% 
relative to the baseline (1980-2009) due to climate change in the 2050s. The main driving 
factors for a lower maize yield under climate change scenarios were increased temperature 
(1.6-3.5 
o
C during the growing season) and decreased rainfall, particularly during the critical 
growth stages of maize (June to July) resulting in a shortened growing season (14-33 days 
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across the climate change scenarios). Maize yield is projected to be reduced even for wet 
scenarios predicting an increase in rainfall which implies that the impact of increase in 
temperature would be more pronounced than rainfall under climate change. Analysis for 
adaptation options indicated that use of irrigation, increasing nitrogen fertilization, and 
changes in planting dates (slightly shifting to late planting by three weeks relative to the 
baseline planting dates) can reduce the negative impacts of climate change on maize 
production. Increasing the nitrogen fertilization by 60 kg N/ha increased yield by 78-86% 
under the various climate change scenarios and irrigation increased yield by 15-39% relative 
to rainfed production. However, it should be noted that the response of yield to increased 
nitrogen fertilization and irrigation supply was less under climate change scenarios than 
under baseline climate; which indicates that these adaptation options will not totally avoid the 
negative impacts of climate change. The increase in yield with nitrogen and irrigation 
application under climate change scenarios is also conditional on application of flanking 
measures, such as adjusted crop protection, to enable realization of the yield increases. 
Currently available late and early maturing cultivars are likely not suitable under climate 
change, which implies that plant breeding research in Ethiopia needs to be tailored towards 
developing high yielding and heat tolerant cultivars, preferably combined with higher disease 
and pest-resistance, in order to better  adapt crop production to future climate.  
The multi-model based analysis also allowed estimation of some of the climate change 
impact and adaptation uncertainties, which can provide valuable insights and guidance for 
adaptation planning processes. In this study we took into account uncertainties arising from 
GCMs and emission scenarios by careful selection of GCMs and RCPs combinations that 
cover a wide window of uncertainty in climate model output; and we applied two crop 
models that show different strengths regarding simulation of above-ground growth and 
development processes, and of soil moisture dynamics. Quantifying uncertainty is an 
important effort in climate impact studies and a recommended approach is to use multiple 
crop and climate models. In this thesis, the outputs from two crop models and multiple 
climate models revealed that without adaptation, a negative impact of climate change on 
maize production in the CRV is very likely, while the magnitude is more uncertain with 
estimates ranging from -2 to -29% depending on crop model, GCM and RCP. From the 
selection of models we used, it is concluded that uncertainties caused by different GCMs are 
larger than those caused by different RCPs and crop models.  
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Chapter 6 provides a synthesis of the previous chapters. It discusses key findings and 
scientific insights as well as issues for further research. In conclusion, this research showed 
that crop production in Ethiopia, particularly in the semi-arid regions, has already been 
challenged by climate variability and with a business-as-usual development, the progressive 
climate change is projected to affect it negatively. Farmers are implementing various adaptive 
strategies to cope with the current climate variability; however, such responses may not be 
adequate for future climate change adaptation. The study highlighted that farmers are aware 
of the necessity to make long term adjustments to sustain agricultural production under 
climate change. However, affordable technology options, strengthening communication 
between actors, and new policy arrangements to remove institutional barriers are needed to 
support smallholder farmers in shaping adaptation to current and future climate risks. 
Investment in more appropriate adaptation options such as more heat tolerant crop breeds, 
increased level of agricultural inputs (e.g. fertilizer), and irrigation are highly needed to 
reduce climate change impacts and adapting cropping systems. Research could play an 
essential role by developing and disseminating improved adaptive technologies. 
Mainstreaming climate adaptation research, building institutional memory for relevant data as 
to climate research and capacity building towards using advanced research approaches such 
as crop and climate modelling need immediate attention to enhance adaptation of agriculture 
to climate variability and change. 
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Samenvatting 
Klimaatverandering is een van de ernstigste bedreigingen voor de omgeving in de 21ste 
eeuw. Er bestaat overeenstemming dat arme landen, vooral ten zuiden van de Sahara, het 
meest kwetsbaar zijn en Ethiopië wordt in dit verband vaak als voorbeeld genoemd. Ethiopië 
is zeer afhankelijk van de landbouw die (i) werk verschaft aan 85% van de bevolking, (ii) 
voor ongeveer 50% bijdraagt aan het nationale BBP en (iii) 88% van exportopbrengsten 
genereert. Deze sociaaleconomisch belangrijke sector is echter zeer kwetsbaar voor 
klimaatvariabiliteit en -verandering voornamelijk als gevolg van de sterke afhankelijkheid 
van regenval en het ontbreken van investeringen om goede seizoenen beter te benutten en 
schaars water efficiënter te gebruiken. Al decennia lang hebben kleine boeren in Ethiopië te 
maken met klimaatrisico‘s zoals sterk fluctuerende neerslag en ernstige droogte die hun 
bestaanszekerheid bedreigen. In het bijzonder semi-aride gebieden zoals de Centrale Rift 
Vallei zijn gevoelig voor klimaatrisico‘s en productie-onzekerheden. Klimaatverandering zal 
naar verwachting een deel van de bestaande problemen verergeren en nieuwe risico‘s met 
zich mee brengen waarvoor huidige ervaringen van belanghebbenden geen oplossing bieden.  
Ondanks dat landbouw de basis vormt van de economische ontwikkeling in Ethiopië en 
huidige klimaatrisico‘s al een grote uitdaging vormen voor de landbouw is het onderzoek 
naar de gevolgen van klimaatvariabiliteit en -verandering, en naar adaptatiemogelijkheden tot 
dusverre beperkt. Studie naar de gevolgen van klimaatvariabiliteit en -verandering, en van 
adaptatiemogelijkheden is belangrijk voor de landbouwproductie en voedselzekerheid van 
Ethiopië. Ondersteuning van boeren bij het beter omgaan met de huidige klimaatvariabiliteit 
is een eerste vereiste voor aanpassing aan toekomstige klimaatverandering. 
Boerenhuishoudens gebruiken al verschillende aanpassingsmaatregelen gebaseerd of lange-
termijn waarnemingen en subjectieve beoordelingen van risico‘s. Een beter begrip van deze 
lokale maatregelen om met klimaatvariabiliteit om te gaan is belangrijk voor beleidsmakers 
om voorwaarden te scheppen voor toekomstige aanpassingen. Deze studie is daarom gericht 
op het begrijpen van huidige en toekomstige klimaatkarakteristieken en gerelateerde risico‘s 
en gevolgen, en op het leveren van inzichten van huidig klimaatrisico management en 
toekomstige adaptatiemogelijkheden voor de landbouw, in het bijzonder voor maïsproductie. 
De studie is uitgevoerd in de Rift Vallei van Ethiopië, dat in de grotere Oost Afrikaanse Rift 
Vallei ligt en dat Ethiopië verdeeld in de noordwestelijk en zuidoostelijke hooglanden. De 
studie richt zich specifiek op het centrale deel van de Rift Vallei (CRV), maar een tweede 
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studiegebied in de Kobo Vallei is gebruikt in Hoofdstuk 4 voor een aanvullende studie naar 
de perceptie van boeren en huidige adaptatiemaatregelen. De twee studiegebieden 
vertegenwoordigen belangrijke graan-gebaseerde landbouwsystemen van de semi-aride 
klimaatzones in Ethiopië en zijn hot spots voor klimaatrisico‘s. Maïs (Zea mays) is een 
belangrijk voedselgewas voor kleine boeren en daarom onderwerp van deze studie. 
Hoofdstuk 2 presenteert historische trends en verwachte veranderingen in agro-
klimatologische indices in relatie tot de regenafhankelijke gewasproductie in de Centrale Rift 
Vallei van Ethiopië. Temporele variabiliteit en extremen van geselecteerde neerslag- en 
temperatuur-indices worden geanalyseerd en trends geëvalueerd. Verwachte veranderingen in 
regenval en temperatuur in 2080 zijn gebaseerd op vier globale klimaatmodellen (CSIRO2, 
CGCM2, HadCM3 en PCM) en twee CO2 emissiescenario‘s (SRES, A1 en B1) en 
vergeleken met de referentieperiode 1971-1990. Analyse van historische klimaatgegevens 
(1977-2007) toonde aan dat de totale regenval niet significant was veranderd maar dat de jaar 
tot jaar variabiliteit (CV 15-40%) groot was. Het aantal dagen met regen nam af en dat ging 
gepaard met een (statistisch niet significante) toename van de regenval intensiteit in het 
belangrijkste regenseizoen. De gemiddeld jaarlijkse temperatuur vertoonde een significante 
stijging van 0.12 tot 0.52 °C per decennium. De periode van gewasgroei werd gekenmerkt 
door een latere start en vroegtijdige beëindiging van de regenval, grillige verdeling van de 
regenval en frequente droogte die resulteren in droogtestress en vermindering van de 
gewasopbrengst. De duur van het groeiseizoen varieerde van jaar tot jaar tussen de 76 tot 239 
dagen. Voorspelling van de globale klimaatmodellen (GCMs) suggereerde dat toekomstige 
regenval zal veranderen binnen een bereik van -40 tot +10% en dat de jaarlijkse temperatuur 
zal toenemen van 1.4 tot 4.1 °C rond 2080. Ook het groeiseizoen wordt naar verwachting 
verkort met 12 tot 35%. Huidige en toekomstige klimaattrends, in het bijzonder de 
hoeveelheid en variatie in regenval en de toenemende temperatuur vormen belangrijke 
risico‘s voor de regenafhankelijke landbouw. Dit betekent dat specifieke 
adaptatiemaatregelen nodig zijn om met deze risico‘s om te gaan en landbouw te 
ondersteunen en voedselzekerheid te verbeteren.  
In Hoofdstuk 3 zijn twee gewasgroeimodellen (DSSAT en WOFOST) toegepast om klimaat-
gerelateerde variatie in opbrengsten en opbrengstverschillen (‗yield gaps‘) te karakteriseren 
van maïsrassen in de Centrale Rift Vallei. De modellen werden gekalibreerd en geëvalueerd 
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aan de hand van experimentele data. Vervolgens werd een simulatie experiment uitgevoerd 
voor vroege en late maïsrassen met historische weersdata van drie representatieve 
weerstations. De resultaten toonden aan dat de potentiële opbrengst ongeveer 7.0 Mg/ha was 
voor vroege rassen en tussen de 8 en 9 t/ha voor late rassen. Gesimuleerde water-beperkte 
opbrengsten lopen uiteen van 6.0 tot 7.0 Mg/ha voor de vroege rassen en van 7.0 tot 8.0 
Mg/ha voor de late rassen. De gesimuleerde water-beperkte opbrengsten worden gekenmerkt 
door een hogere jaarlijkse variabiliteit (CV 36%) dan de potentiële opbrengsten (CV 7-14%) 
die samenhangt met variatie in regenval. Ongeveer 60% van de opbrengstvariabiliteit kan 
worden verklaard door de variatie in regenval gedurende het groeiseizoen. Huidige 
maïsopbrengsten van boeren in de Centrale Rift Vallei zijn slechts 28-30% van de 
gesimuleerde water-beperkte opbrengsten en 44-65% van de experimentele opbrengsten die 
op bedrijven worden behaald. Opbrengstverschillen tussen actuele en gesimuleerde 
opbrengsten wijzen erop dat aanbevolen productietechnieken (bijvoorbeeld kunstmest en 
gewasbeschermingsmiddelen) niet op brede schaal worden toegepast door de boeren. De 
opbrengstverschillen tonen ook aan dat verhoging van maïsopbrengsten mogelijk is in de 
Centrale Rift Vallei en in andere gebieden met dezelfde agro-ecologische omstandigheden 
door toepassing van een verbeterd gewas- en risicomanagement. Tevens laat de studie het nut 
zien van gewasgroeimodellen om opbrengstvariabiliteit en opbrengstverschillen te 
kenmerken. Gewasgroeimodellen worden momenteel nog niet veel gebruikt als 
onderzoeksinstrument in Ethiopië. De twee gebruikte gewasgroeimodellen verschilden in het 
karakteriseren van opbrengstvariabiliteit; de jaarlijkse opbrengstvariatie was hoger in 
WOFOST dan in DSSAT. Verschillen in gesimuleerde opbrengsten tussen WOFOST en 
DSSAT varieerden tussen 0.4 en 1.6 Mg/ha en tussen de 0.4 en 1.0 Mg/ha, respectievelijk 
voor de potentiële en water-beperkte opbrengsten. Gewasgroeimodellen verschillen in de 
mate van detail waarmee dynamische processen van gewasgroei, watergebruik en de bodem 
waterbalans worden beschreven. Daarom levert het gebruik van meerdere modellen betere 
informatie op over onzekerheden in de simulatie van gewas-klimaat interacties. Het was niet 
mogelijk vast te stellen welk model beter was omdat gedetailleerde en systematische 
metingen (bijvoorbeeld van de gewasgroei en bodemvocht) niet beschikbaar waren om de 
simulaties mee te vergelijken. 
Hoofdstuk 4 analyseert de perceptie van de lokale bevolking ten aanzien huidige 
klimaatvariabiliteit en -verandering, huidige aanpassingsmaatregelen, behoeftes voor 
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toekomstige aanpassingen en belemmeringen voor succesvolle aanpassing. De studie was 
gebaseerd op een vragenlijst voor boerenhuishoudens, interviews met belangrijke 
belanghebbenden en groepsdiscussies in twee gebieden, de Centrale Rift Vallei en Kobo 
Vallei, die beiden representatief zijn voor semi-aride en kwetsbare gebieden, maar met 
contrasterende landbouwpotenties. De resultaten tonen aan dat boeren bewust zijn van 
klimaatvariabiliteit en -verandering, en dat ze bezorgd zijn over de gevolgen ervan voor hun 
landbouwproductie en levensonderhoud. Volgens de boeren is de jaarlijkse neerslag 
afgenomen en de temperatuur toegenomen gedurende de laatste 20-30 jaar. 
Neerslagvariabiliteit in en tussen jaren is ook toegenomen volgens boeren. Percepties ten 
aanzien van de stijgende temperatuur en variabele regenval worden ondersteund door 
klimaatwaarnemingen, maar andere percepties (bijvoorbeeld de afname in regenval) worden 
echter niet ondersteund door waarnemingen. Verminderde waterbeschikbaarheid voor 
gewassen ten gevolge van een toename van hittegolven en de interactie van klimaat met 
andere omgevingsfactoren zoals een afname van de bodemvruchtbaarheid en 
landgebruiksveranderingen kunnen de perceptie van boeren beïnvloeden. De 
tegenstrijdigheid in de perceptie van boeren en de waargenomen klimaattrends vereisen 
aandacht om contraproductieve aanpassingsmaatregelen te voorkomen. Tevens geeft dit aan 
dat de communicatie tussen klimaatwetenschappers en boeren moet worden verbeterd door 
participatieve informatieplatforms zoals ‗klimaatscholen‘. Boeren noemden verschillende 
klimaatrisico‘s die de landbouwproductiviteit verminderden en uiteindelijk resulteren in een 
toenemende voedselonzekerheid. De studie toonde aan dat boerenhuishoudens al 
verschillende adaptatiemaatregelen gebruiken om met klimaatvariabiliteit en -verandering om 
te gaan. De belangrijkste adaptatiemaatregelen zijn gewaskeuze, aanpassing van het 
zaaitijdstip, en verschillende bodem- en waterconserveringstechnieken zoals ‗shilshao‘, 
kruisruggen en vloed-irrigatie, en inkomensdiversificatie. Om toekomstige aanpassingen 
mogelijk te maken hebben boeren voldoende toegang nodig tot landbouw-inputs 
(bijvoorbeeld kunstmest en zaaizaad), verbeterde rassen, irrigatie, gewasverzekeringen en 
weersvoorspellingen. Belangrijke obstakels voor succesvolle aanpassing hielden verband met 
technologische en institutionele belemmeringen. Gebrek aan betaalbare technologieën, hoge 
kosten van inputs, instabiele prijzen, gebrek aan betrouwbare weersvoorspellingen, en een 
onzeker pachtstelsel beperkten het aanpassingsvermogen van boeren. Op basis van de analyse 
is duidelijk dat ondersteunende strategieën o.a. gericht op landbouw-inputs, 
kredietverstrekking, markttoegang en versterking van lokale kennis en informatiediensten 
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integraal onderdeel moeten worden van overheidsbeleid om boeren te helpen om zich aan te 
passen aan de gevolgen van klimaatvariabiliteit en -verandering. 
In Hoofdstuk 5 zijn de gevolgen van de verwachte klimaatverandering en van adaptatie-
opties voor maïsproductie in de Centrale Rift Vallei verkend op basis van verschillende 
klimaatscenario‘s. Hierbij werd gebruik gemaakt van twee gewasgroeimodellen (DSSAT, 
v4.5 en WOFOST, v7.1) en drie GCMs (CanESM2, CSIRO-MK3 en HadGEM2) in 
combinatie met twee representatieve CO2 ontwikkelingstrajecten (RCP4.5, RCP8.5) voor de 
periode 2040-2069. De resultaten tonen aan dat zonder aanpassing maïsopbrengsten zullen 
afnemen met gemiddeld 20% vergeleken met de uitgangssituatie (1980-2009) ten gevolge 
van klimaatverandering rond 2050. De belangrijkste factoren die leiden tot lagere 
maïsopbrengsten waren een toegenomen temperatuur (1.6-3.5 °C in het groeiseizoen) en 
afgenomen regenval, in het bijzonder gedurende cruciale groeistadia van maïs (juni-juli) 
resulterend in een verkort groeiseizoen (14-33 dagen afhankelijk van het klimaatscenario). 
Zelfs in scenario‘s met een toename in regenval nemen de verwachte maïsopbrengsten af. Dit 
betekent dat de gevolgen van een toename in temperatuur sterker zijn dan van een toename in 
regenval onder klimaatverandering. Analyse van adaptatie-opties toonden aan dat gebruik 
van irrigatie, stikstofkunstmest en verandering in zaai data (3 weken later zaaien dan in de 
uitgangssituatie) de negatieve gevolgen van klimaatverandering op maïsproductie kunnen 
verminderen. Verhoging van de stikstofbemesting met 60 kg/ha verhoogde de opbrengsten 
met 78-86% onder verschillende klimaatscenario‘s en irrigatie verhoogde de opbrengst met 
15-39% vergeleken met regenafhankelijke productie. Behaalde opbrengsten met verhoogde 
stikstofbemesting en irrigatie zijn echter lager in de klimaatscenario‘s dan in de 
uitgangssituatie. Dit wijst erop dat deze adaptatie opties niet volledig de negatieve gevolgen 
van klimaatverandering kunnen voorkomen. De opbrengstverhoging door stikstofbemesting 
en irrigatie in de klimaatscenario‘s is ook afhankelijk van flankerende maatregelen zoals 
aangepaste gewasbescherming om hogere opbrengsten te kunnen realiseren. Beschikbare late 
en vroege rassen zijn waarschijnlijk ongeschikt bij klimaatverandering. Dit betekent dat 
veredelingsonderzoek in Ethiopia moet worden gericht op de ontwikkeling van 
hoogproductieve en hitte-tolerante rassen, bij voorkeur gecombineerd met goede ziekte- en 
plaagresistentie, zodat gewasproductie beter is aangepast aan het toekomstig klimaat. De 
analyse gebaseerd op meerdere modellen bood ook de mogelijkheid om enkele onzekerheden 
in de gevolgen van klimaatverandering en -adaptatie te schatten. Deze informatie verschaft 
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waardevolle inzichten en richtlijnen voor het plannen van adaptatiemaatregelen. In deze 
studie is rekening gehouden met onzekerheden die voortvloeien uit GCMs en 
emissiescenario‘s door zorgvuldige keuzes en combinaties van GCMs en CO2 
ontwikkelingstrajecten die een breed spectrum van onzekerheid in klimaatmodellen 
omvatten. Bovendien zijn twee gewasgroeimodellen toegepast die verschillen in de simulatie 
van bovengrondse biomassa en gewasontwikkeling, en in bodemvochtdynamiek. Het 
kwantificeren van onzekerheid is belangrijk in klimaatstudies en het wordt aanbevolen om 
daarvoor meerdere gewas- en klimaatmodellen te gebruiken. De resultaten van twee 
gewasgroeimodellen en meerdere klimaatmodellen toonden aan dat de negatieve gevolgen 
van klimaatverandering voor maïsproductie in de Centrale Rift Vallei zeer waarschijnlijk zijn 
als aanpassing achterwege blijft. De omvang van de gevolgen is meer onzeker met 
schattingen die uiteenlopen van -2 tot -29% afhankelijk van het gewasgroeimodel, GCM en 
emissiescenario‘s. Op basis van de gekozen modellen kan worden geconcludeerd dat 
onzekerheden veroorzaakt door de GCMs groter is dan die worden veroorzaakt door 
verschillende emissiescenario‘s en gewasgroeimodellen. 
Hoofdstuk 6 biedt een synthese van de voorafgaande hoofdstukken en bediscussieert de 
belangrijkste bevindingen, wetenschappelijke inzichten en onderwerpen voor nader 
onderzoek. Dit onderzoek toonde aan dat gewasproductie in Ethiopië, vooral in semi-aride 
gebieden, al wordt bedreigd door klimaatvariabiliteit. Met een business-as-usual 
ontwikkeling zal de voortschrijdende klimaatverandering naar verwachting gewasproductie 
negatief beïnvloeden. Boeren voeren verschillende maatregelen uit om met de huidige 
klimaatvariabiliteit om te gaan. Echter dergelijke maatregelen zijn mogelijk onvoldoende 
voor aanpassing aan toekomstige klimaatverandering. Deze studie maakt duidelijk dat boeren 
zich er bewust van zijn dat aanpassing nodig is om te blijven produceren onder 
klimaatverandering. Echter, betaalbare technische opties, versterking van de communicatie 
tussen actoren, en nieuwe beleidsarrangementen om institutionele belemmeringen weg te 
nemen zijn nodig om kleine boeren te ondersteunen bij het aanpassen aan huidige en 
toekomstige klimaatrisico‘s. Investeringen in geschikte adaptatie-opties zoals hitte-tolerante 
rassen, meer landbouw inputs (bijv. kunstmest) en irrigatie zijn in het bijzonder noodzakelijk 
om de gevolgen van klimaatverandering te verminderen en om gewassystemen aan te passen. 
Onderzoek kan een belangrijke rol spelen bij de ontwikkeling en verspreiding van verbeterde 
en aangepaste technologieën. Integratie van klimaatadaptatie onderzoek, opbouw van een 
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institutioneel geheugen voor relevante klimaatdata, en capaciteitsopbouw voor toepassing van 
geavanceerde onderzoekbenaderingen zoals gewas- en klimaatmodellering hebben 
onmiddellijke aandacht nodig om de landbouw aan klimaatvariabiliteit en -verandering aan te 
passen.  
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